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Dissertation Overview
This dissertation consists of three separate chapters, all of which are related to numerical
finance. While the first two chapters focus on applications of price simulations, the third chapter
is related to the field of numerical finance as I present a systematic, data-based approach to
supporting investment management decisions regarding sovereign bonds. In what follows, I give
a brief outline of each chapter and try to highlight the connections between them.
In Chapter 1, I tackle the inherent problem of trend-following investment strategies, which is
their lagging trading signals. As Murphy (1999, p. 197) states for the moving average cross—a
special type of trend-following investment strategy: It “does not [. . . ] predict market action.
[. . . ] [It] is a follower, not a leader. It never anticipates; it only reacts. The moving average
follows a market and tells us that a trend has begun, but only after the fact.” As this regularity
typically leads to sharp drawdowns, I apply a semi-parametric scenario building approach based
on the methodology laid out in Barone Adesi et al. (1999) to circumvent this disadvantage. To
do so, I extract information contained in the observed price and volatility to jointly simulate
both and, thereby, generate artificial price and volatility paths. I show that using this approach
to build the trading signals for trend-following strategies improves the risk-return properties of
the strategy relative to both the passive buy-and-hold strategy and the standard moving average
cross strategy.
In Chapter 2, I present a new backtesting framework for numerical investment strategies. In
contrast to traditional ways of backtesting trading strategies, the presented environment allows
for robustness checks on artificially created price paths that experience similar statistical prop-
erties as the observed price series. Current research, including Bailey et al. (2017), Harvey et al.
(2016), and Harvey and Liu (2015), criticizes methods and results from empirical studies that
document statistically significant results. My framework is not affected by these findings as I
merely provide a tool for robustness checks rather than an optimization engine. Therefore, my
framework extends the abovementioned research in that it allows the trader to put his or her
strategy to the test by stress testing his or her own results. I therefore rather align myself with
the aforementioned current research as I too propose that backtesting results be challenged with
rigor. The model underlying this framework is based on Barone Adesi et al. (1999) and does not
need prior specification of distributional features. By backtesting a number of technical indica-
tors based on standard calibrations, I show how performance measures such as the Sharpe ratio,
excess return, maximum drawdown, but also the statistical moments of the return distribution,
are influenced.
In Chapter 3, I present a study in which I develop a bond market factor strategy to manage
interest rate risk for sovereign bond investments in the Swiss market and globally. The presented
model is based on a combination of macroeconomic and style factors as these have distinct
features and therefore are expected to behave differently, thereby improving the quality of the
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generated investment signal. The bond market factor is a combination of four individual factors.
While the input factors are no novelty and are documented in financial research, I show that
an algorithm for transforming the data into a signal-generating model helps improve investment
decisions significantly, enhancing a wide range of performance metrics relative to the passive
buy-and-hold strategy.
As has hopefully become clear, all three chapters deal with the design and implementation
of investment decision models and with the question of how active investment management
effectively influences investment performance, and how this performance can be improved. While
the presented studies are highly specific and applied in their nature, they are mostly relevant
to investment professionals and academics working in the areas of investment strategies and
portfolio management, but also to the general public, as almost every individual is faced with
investment decisions—whether it be consciously or unconsciously. With this in mind, I invite
you to continue reading and learn more about numerical investment strategies and portfolio
management.
Part II
Research Papers
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1 Multi-asset Scenario Building for Trend-Following
Trading Strategies1
1.1 Introduction
The price evolution of a financial asset is just one realization of a stochastic process that is
one out of many possible histories. It is therefore interesting to build alternative price paths of
financial assets in order to build more robust trading strategies. In particular, this paper uses
a distribution-agnostic scenario building process that does not require a prior definition of the
probability distribution of the return process. The scenario building process empirically explored
in this paper is based on Barone Adesi et al. (1999), a process that they call filtered historical
simulation. It combines the empirical distribution of past returns and nonlinear econometric
models to simulate possible future values of an asset in the days ahead. From a statistical per-
spective it is a semi-parametric model. We use this approach, which has emerged from financial
risk management, adapt it to our needs, and apply it to trading strategies. Using the empirical
distribution of past returns implies that the price series does not have to conform to a theo-
retical probability distribution. Other well-known simulation models, such as the Monte Carlo
method, draw innovations from predetermined theoretical distributions, thereby smoothing the
empirical distribution and, also, introducing errors that might lead to the underestimation of
the probability of certain scenarios due to a lack of implied skewness and kurtosis in the assumed
distribution. From a computational perspective, the parallel bootstrapping process implicitly
handles the cross dependencies among the data series. Our simulation process therefore reduces
the complexity of the task enormously as the number of parameters and the time needed to
execute the computation increase only linearly with the number of assets that are handled (see
Barone Adesi et al. (1999)). This is different to approaches that model cross dependencies based
on estimates of the variance–covariance matrix, where the dimension of the problem increases
quadratically with the number of assets. The artificial price paths generated by the scenario
building process are used to improve trend-following trading strategies based on moving average
cross systems, known from the field of technical analysis (e.g., Murphy (1999)). Moving average
cross systems are widely applied in the financial industry (see for example Man Group’s working
paper by Granger et al. (2014) or AQR Capital Management’s working paper by Hurst et al.
(2014)) and are found to be a good instrument for market timing (see Marshall et al. (2014)).
This paper is organized as follows: We start our paper with the most important empirical findings
on asset price and volatility behavior, in Section 1.2. Using these findings as a starting point
allows a smooth transition to Section 1.3, where we discuss the history and evolution of asset
price simulation from a financial risk management perspective. We continue with a theoretical
1This paper should be cited as Thomann, A. (2018), “Multi-asset Scenario Building for Trend-Following
Trading Strategies”. A modified version of this paper has been submitted to the Annals of Operations Research.
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part in Section 1.4 where we explain the scenario building process applied in this paper. In two
subsections we provide details and explain the methodology used in this paper for simulating
asset prices and volatility. Section 1.5 focuses on the tested trading strategies. Subsection 1.5.1
explains our trend-following benchmark strategy that we are trying to outperform in this paper
in terms of Sharpe ratio and maximum drawdown. To do so, we start with the very basics and
explain the idea behind the moving average cross strategy and its characteristics. The following
subsection, 1.5.2, covers our first optimized trading strategy, named “median simulated price
strategy”, and explains its construction. Then, we review the construction of the “probability
strategy”—our second optimized trading strategy—in Subsection 1.5.3. Section 1.6 explains our
way of evaluating performance and also represents the last theoretical part. Section 1.7 contains
all the empirical results of our study. We start with a description of our tested dataset, before
providing an overview of our model parametrization for our baseline results in Subsection 1.7.1.
The subsequent Section, 1.7.2, provides an insight into our simulated price series. In Subsections
1.7.3 and 1.7.4 we comment our main empirical results. We challenge our empirical findings in
various robustness checks, which are available in our “Appendix to Multi-asset Scenario Building
for Trend-Following Trading Strategies”.2 Section 1.9 concludes this paper with a final review
of our main findings and a short summary.
1.2 Volatility and Return Modeling
Before going into details about the scenario building process used in this paper, we review the
fundamental empirical findings on volatility to get a good understanding of how to possibly
model it. Mandelbrot (1963) and Black (1976) have each authored well-known papers that
describe the characteristics of asset return volatility. They document the existence of volatility
clusters, which means that high/low volatility is often followed by high/low volatility. Another
finding is that volatility evolves over time—that is to say, jumps in asset return volatility are
seldom observed. The concept of volatility stationarity states that volatility stays within a range
and does not diverge to infinity. The leverage effect in volatility is another mentionable finding,
stating that volatility reacts differently to increases and decreases in the price of an asset. These
findings are important in the volatility modeling process and therefore also when simulating
price paths using a scenario building process.
1.3 Scenario Building Models
Our scenario building process evolved from historical simulation using a bootstrapping algo-
rithm. To appreciate the process and understand its advantages we first give an overview of the
most important and widely used scenario building models in the financial industry and academia.
Scenario building models are relied on heavily in financial risk management, where, for example,
RiskMetrics—a model based on the variance-covariance of historical realized returns, has been
used for years (see Zangari (1996) or Mina and Xiao (2001)) and is still taught in academia.
The original model assumes that the data follows a theoretical, often a Gaussian, distribution
2Online appendix.
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with constant mean and variance. This linear Value-at-Risk model therefore imposes strong as-
sumptions about the underlying data, which are confuted or at least challenged by the empirical
findings of financial research (see for example Kendall (1953) or Mandelbrot (1963)). One can
also observe that asset prices can move much more strongly in each direction than a Gaussian
distribution predicts. As a possible solution, Embrechts et al. (1997) and Longin (2000) suggest
using the extreme value approach, which helps solve the problem of underestimating outliers
in the distribution but has other short-comings. To circumvent the drawbacks of the linear
models described above, academics and practitioners moved to simulations to assess the risk of
a portfolio. A well-established model is the Monte Carlo simulation, which is based on random
numbers drawn from a theoretical distribution function. As with the linear model, the Monte
Carlo method usually relies on a Gaussian distribution. This yields to the same problems as
above: using a distribution function that does not fit the empirical distribution of most assets
and therefore also limiting the moves of asset prices in each direction. This means that gains
and losses are limited to around three to four standard deviations using a large enough set of
simulations (see Barone Adesi et al. (2002)). Additionally, in a multi-asset context the Monte
Carlo method is based on historical correlations between the assets. In times of market stress
however, the correlations between assets typically move toward one, which leads the Monte Carlo
method to possibly underestimate losses. To circumvent this problem, the variance–covariance
matrix can be estimated more frequently, which increases the computational effort needed in an
already computationally intense algorithm. Identifying the problem that asset returns cannot
be properly described using a theoretical, especially not a Gaussian, distribution, the industry
has moved to historical simulation, which is based on observed historical price changes. This
approach also has its drawbacks: The rationale behind using historical returns instead of using a
theoretical distribution is that we also want to consider extreme events, which are not properly
captured in most theoretical distributions. This, however, requires using long time series data
to ensure our data sample contains these extreme events we want to include in our simulation.
Additionally, and more severe, the approach does not take into account the fact that asset risks
can evolve over time. Together with the implied assumptions of independent and identically
distributed returns the risk might be underestimated (see for example Vlaar and Palm (1993)
or Vlaar (2000)). Barone Adesi et al. (1998) and Barone Adesi et al. (1999) tackle these prob-
lems and present a model called “filtered historical simulation”. They suggest randomly picking
standardized returns from historical returns. Afterward, standardized returns need to be scaled
by the current volatility the asset experiences if they are to be used as innovations in a con-
ditional variance equation for the scenario building process that models both the future price
of an asset as well as its variance. This approach allows a simulation of the entire distribution
of asset returns, taking into account the weaknesses of other models explained above, such as
changes in volatility. Filtered historical simulation is the basis of our scenario building process
and we discuss it in more detail in the next section.
1.4 Scenario Building Process
Filtered historical simulation has been developed to avoid the drawbacks accompanying under-
lying historical simulation—its reliance on a specific distribution as well as the fact that it does
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not take into account empirical findings such as the existence of volatility clustering, fat tails,
and the leverage effect (see Mandelbrot (1963) and Black (1976)). Its usage of past return indi-
cates that the presented model originates from historical simulation. This historical return data
is used as innovations to model the behavior of asset prices. Compared to historical simulation,
its major enhancement is that the return is first adjusted by the volatility that was observed
at that day and—in a second step—is multiplied by the forecasted volatility. This adjustment
guarantees, that the past returns are stationary such that they are suitable innovations for the
simulation process (see for example Posedel (2005) for a derivation of stationarity). The rescal-
ing with volatility forecasts introduces the current market conditions to the past returns. The
process described here in few words is explained in more detail and in a more formal way below.
Summarizing the benefits of using the approach of Barone Adesi et al. (1999), the most
important point to emphasize is the fact that the data is not forced to originate from a theoretical,
pre-specified distribution. Fat tails, volatility clusters, and changing means are all peculiarities
that are allowed in this model—as it is based on the empirical distribution. We therefore
take most of the empirical volatility modeling findings into account when building our artificial
price and volatility paths. The model is able to handle dependencies across a very large set of
assets without estimating the correlation matrix, and therefore has interesting properties from a
computational perspective. It is possible to build scenarios in which simulated asset prices result
from large returns following other large returns. We interpret such a scenario as an extreme
scenario that might possibly not be included in the raw data as such. On the other hand, even
though we break up existing autocorrelation, this scenario building process allows the generation
of new trends that our trading strategies try to exploit. We see this as an additional advantage
compared to historical simulation as this also moderates the requirements with respect to our
dataset to include every possible scenario. To demonstrate how the scenario building process
works, we follow the example of Barone Adesi et al. (1999) and first explain the simulation of a
single pathway and afterwards of multiple pathways.
1.4.1 Scenario Building for a Single Pathway
Simulating a single pathway for one asset is less complicated and therefore helps us to understand
the underlying methodology and how it is applied to data. The two most important variables
we have to specify in the scenario building process are the number of simulation runs we want
to perform (the number of artificial price paths we want to simulate) and the number of days
(or whatever data frequency we are using) we want to simulate prices into the future. In
our baseline model we chose the number of simulations to be 200 and we simulate the price
path 10 days ahead. We will address the days-ahead issue in the robustness checks in the
additional appendix to this paper in more detail and provide insights into how to specify this
parameter. We fit a GARCH model based on an initial data sample, which in our case is
specified to be at least 100 daily observations. Estimating the GARCH model forms residual
returns from the raw return data. By filtering these residual returns they turn independent and
identically distributed, and, thereby, become applicable for the scenario building process. Our
algorithm therefore also removes serial correlation and volatility clusters if the data contains such
structures. Barone Adesi et al. (1999) call their approach semi-parametric since it combines non-
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parametric historical simulation together with the parametric GARCH model. The standard
model used in Barone Adesi et al. (1999) and demonstrated here as our baseline model is the
GARCH(1,1) model. Using their notation, with a moving average term, θ, and an autoregressive
term, µ, our estimates of the residuals, ǫt, and the variance, ht, are defined as below.
The conditional mean equation can be written as follows:
rt = µrt−1 + θǫt−1 + ǫt ǫ ∼ N (0, ht). (1.1)
The conditional variance equation can be written as follows:
ht = ω + α(ǫt−1 − γ)
2 + βht−1. (1.2)
The GARCH equation (1.2) specifies the volatility of ǫt as a function of ω, a constant, a first
term demonstrating the contribution of the latest surprise, ǫt−1, and a second term reflecting
the contribution of the last period’s volatility, ht−1. α is a constant and determines the influence
of the most recent observation whereas the constant γ determines its asymmetry. We divide the
estimated residuals, ǫˆt, by the corresponding volatility estimate,
√
hˆt, to get a stationary i.i.d.
distribution, which is suitable for our simulation process,
e∗t =
ǫˆt√
hˆt
. (1.3)
If the GARCH model is correctly specified the set of standardized residuals, e∗t , is independent
and identically distributed and therefore suitable for historical simulation.3 This is in contrast to
empirical returns, which generally do not fulfill the i.i.d. assumption and therefore are unsuitable
for historical simulation.
Randomly drawn historical standardized residuals need to be scaled with the current volatil-
ity. Afterward, they can be used in the equations for the conditional mean (1.1) and variance
(1.2) to simulate future prices and variances. This random draw is better known as resampling
or bootstrapping, which is what filtered historical simulation essentially does. Randomly, we
pick standardized residual returns and use them to generate a pathway of variances that them-
selves are used to build our alternative price path. The randomly drawn standardized residual
returns are stored as a vector, e∗, of outcomes.
e
∗ = {e∗1, e
∗
2, . . . , e
∗
T } where i = 1, . . . , T days. (1.4)
We use the first drawn standardized residual return and scale it using the deterministic volatility
forecast for the next day. The deterministic volatility for the next day is constructed as
ht+1 = ωˆ + αˆ(ǫt − γˆ)
2 + βˆht. (1.5)
The simulated innovation forecast is created by scaling the randomly drawn standardized resid-
3We provide the empirical test results on the i.i.d. properties, where we use the test of Li and Mak (1994) on
the squared residual autocorrelations in nonlinear time series with conditional heteroscedasticity, upon request
and publish them in our online appendix.
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ual, e∗t , with the volatility of period t+ 1, ht+1, from Equation (1.5).
z∗t+1 = e
∗
1
√
ht+1. (1.6)
This simulated innovation forecast is used to shape the one-day-ahead asset price forecast, p∗t+1,
using the asset price at time t, pt:
p∗t+1 = pt + pt(µˆrt + θˆz
∗
t + z
∗
t+1). (1.7)
To forecast the volatility for subsequent days ahead we simulate them by recursively substituting
the scaled residuals into the variance equation (1.2). Therefore, our first randomly drawn stan-
dardized residual from Equation (1.3) enters into the one-day-ahead asset price forecast from
Equation (1.7), but is also used for the simulation of the two days ahead volatility forecast. The
two-days-ahead volatility is stochastic as it depends on the simulated return of the first day. To
simulate the two-days-ahead asset price we randomly pick another standardized residual and
scale it. The volatility three days ahead is generated using the previously drawn (second) scaled
residual and allows the scaling of the third randomly drawn residual et cetera up until we reach
the number of asset price simulations we want to achieve. The volatility simulation takes the
following general form:
h∗t+i = ωˆ + αˆ(z
∗
t+i−1 − γˆ)
2 + βˆh∗t+i−1 i ≥ 2. (1.8)
The process allows the sequential scaling of randomly drawn standardized residuals to build the
asset price pathway. Repeating this process allows us to form various pathways of asset prices.
We discuss the underlying methodology for doing so in the following section.
1.4.2 Scenario Building for Multiple Pathways
To simulate multiple pathways, we use the same approach as explained in the previous section.
One of the most important aspects when simulating multiple pathways for different assets is
how to model the correlation between the assets. In our scenario building process this is done
implicitly by randomly drawing a band of residuals as we use the same standardized residual
from the same observation for the price and volatility simulation of each asset. We therefore do
not need to estimate the correlation matrix. In our multi-asset framework we randomly draw
a date from the dataset and pick its corresponding residual returns. These residual returns are
used to model the co-movements between the prices of our multi-asset dataset. For each asset
in our dataset we have the sampled residuals and denote them with subscripts 1, 2, 3, . . . , n for
the different assets. In our case, the number of tested assets is equal to two, since we report the
backtesting results of the MSCI World and S&P 500 Index.
Asset1 : e
∗
1 = {e
∗
1, e
∗
2, . . . , e
∗
T }1. (1.9)
Asset2 : e
∗
2 = {e
∗
1, e
∗
2, . . . , e
∗
T }2. (1.10)
As in the case for the single pathway, we draw a random date and the associated standardized
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residuals at day i = 1, e∗1 and e
∗
2 are chosen. At day i = 2 another date is randomly drawn
together with its associated standardized residuals. This is repeated until we have reached our
specified number of daily asset price forecasts. For every asset, the variances, h, and asset
prices, p, are modeled such that they reflect the co-movements between each other. For every
day i = 1 to T we therefore have
Asset1 : h
∗
1,t+i = ωˆ1 + αˆ1(zˆ
∗
1,t+i−1 − γˆ)
2 + βˆ1h
∗
1,t+i−1. (1.11)
p∗1,t+i = p1,t+i−1 + p1,t+i−1(µˆ1r1,t+i−1 + θˆ1z
∗
1,t+i−1 + z
∗
1,t+i). (1.12)
Asset2 : h
∗
2,t+i = ωˆ2 + αˆ2(zˆ
∗
2,t+i−1 − γˆ)
2 + βˆ2h
∗
2,t+i−1. (1.13)
p∗2,t+i = p2,t+i−1 + p2,t+i−1(µˆ2r2,t+i−1 + θˆ2z
∗
2,t+i−1 + z
∗
2,t+i). (1.14)
We extend the original methodology for the scenario building process for multiple pathways in
terms of price and volatility path modeling: we adjust the price modeling process such that at
day t we use the observed price to model the price and volatility at t + 1. This improves the
quality of our price modeling process significantly. Since the trading strategies tested in this
model are implemented using closing prices, there is no risk of look-ahead bias since at the close
of day t we know today’s price. We use this to model the price and volatility paths for the next
t days. In our standard configuration we “reset” the modeling process every 10 days.
1.5 Trading Strategies
Momentum and trend-following strategies are empirically supported by a variety of academic
studies across asset classes, industries, time periods, and specifications (see Jegadeesh and Titman
(1993), Chan et al. (1996), Rouwenhorst (1998), Moskowitz and Grinblatt (1999), Lee and Swaminathan
(2000), and Asness et al. (2013)). They are also one of the most widely applied trading strate-
gies in the financial industry (see for example Granger et al. (2014)). A famous trend-following
strategy with its roots in technical analysis is the moving average cross. This strategy serves as
the benchmark in this paper and we try to outperform it in terms of Sharpe ratio and maximum
drawdown.
1.5.1 Moving Average Cross
We start by explaining the underlying logic behind our benchmark strategy, the moving average
cross, and how it works. As the second word suggests, it uses an average of a specific range
of data. In our base case we use a moving average of 50 days. This means that we calculate
the average price of the last 50 observed closing prices for a specific asset. As the first word
implies, this average price moves–in other words, as soon as we have a new observed closing
price in our data, we add this to the average calculation and drop the first observation used
in the last average calculation. Using again the 50 days moving average, each day the newest
closing price is added to the total and the closing price 51 days back is removed. Formally, the
moving average can be written as
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MAk1 =
0∑
v=−k1+1
Pt+v
k1
. (1.15)
where k1 = moving average period.
Visually, the averaged price series results in a smoother line from which a trend can be identified
more easily. Figure 1.1 indicates this by plotting the price series in black, a 50 days moving
average in red, and a 200 days moving average in blue.
The moving average cross system can also be found in the literature under the name of double
crossover method. This term is used to explain that a buy signal is generated when the faster
moving average crosses the slower moving average from below. One of the most famous calibra-
tions is called the Golden/Death Cross, and is a slow trend-following strategy using a 50 days
moving average for the fast, and a 200 days moving average for the slow period. A buy signal
is generated when the 50 days average crosses to above the 200 days average (Golden Cross).
This scenario implies an uptrend, whereas a reversed signal (the 50 days moving average crosses
the 200 days moving average from above) signals a downtrend and is called the Death Cross.
This double crossover strategy lags more than a strategy that is based on the closing price and
only one moving average series, but as both series used to generate signals are smoothed, the
strategy does not get caught if prices whipsaw. Formally, this can be stated as follows:4
Long :
0∑
v=−k1+1
Pt+v
k1
>
0∑
v=−k2+1
Pt+v
k2
. (1.16)
with moving average periods 0 < k1 < k2.
As mentioned above, the moving average cross is a trend-following strategy that has the purpose
of identifying the begin of a new or the end of an existing trend. Looking at a moving average
plot is similar to using trendlines in technical analysis. The moving average strategy, however,
is a lagging signal. Murphy (1999) puts it this way: “Its purpose is to track the progress of the
trend. The moving average is a follower, not a leader. It never anticipates; it only reacts. The
movÂing average follows a market and tells us that a trend has begun, but only after the fact.”
The shorter the moving average period chosen, the closer the filtered series follows the price
series. Additionally, a shorter moving average period implies a reduced time lag until the signal
is generated. On the other hand, shorter moving average periods are more sensitive to price
movements. Since the strategy averages the information contained in the price, it has similar
properties to many other econometric filters used in economics and finance (see for example
Pedersen (2010)): it is used as a smoothing device to filter noise from the data. This trading
strategy is found to be a better timing instrument than other momentum strategies such as
the time-series momentum strategy of Moskowitz et al. (2012) (see Marshall et al. (2014)). It
therefore serves as the benchmark strategy for the model tested in this paper.
4As our baseline backtests are conducted in a long-only trading environment we only provide the construction
methods for long signals. The complete documentation for long–short signals can be found in the online appendix.
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Figure 1.1: Moving Average Cross: This chart shows the price series of the MSCI World Index
together with two moving averages. The chosen calibration is the same as in our baseline model with a
fast-moving average of 50 days colored in dash-dotted red, and a slow-moving average of 200 days colored
in dotted blue. The strategy is long if the dash-dotted red series is above the dotted blue series. Visually,
the strategy seems to be a good indicator for trend detection with the drawback of being lagging by
construction.
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1.5.2 Median Moving Average Cross
We develop a hybrid from the moving average cross strategy that is based on our simulated prices
resulting from the scenario generating process. The strategy follows the logic and parametriza-
tion used in the moving average cross strategy, but is applied on the median of our simulated
prices. The strategy is implemented as follows: We calculate the cross-sectional median of all
simulated prices, PSBP . The resulting, more robust, simulated price is then smoothed using
the fast- and slow-moving averages. The strategy follows the same logic as the moving average
cross strategy and therefore is long if the fast-moving average of the median simulated price
crosses the slow-moving average of the median simulated price from below. In contrast to the
benchmark strategy, which looks at today’s closing price to determine tomorrow’s positioning,
the median moving average cross looks at tomorrow’s simulated price to generate trading signals
for tomorrow. Formally, this can be stated as
Long :MAk1
(
x˜0.5(P
SBP
1,N )
)
> MAk2
(
x˜0.5(P
SBP
1,N ). (1.17)
where x˜0.5 is used as notation for median, SBP stands for the scenario building process, and
PSBP1,N indicates the simulated price series starting with the first simulated price path, P
SBP
1 ,
and ending with the last simulated price path, PSBPN .
We use the terms median moving average cross and median simulated price cross interchangeably.
1.5.3 Probability Strategy
The second strategy we develop based on our simulated prices is the probability strategy. What
is important for a trader today is the probability of an asset price rising or falling in the days
ahead; in other words, the probability of a positive or negative future return. To determine this
probability the trader would have to assume a return distribution. As with the scenario gener-
ating process described above, we generate hundreds of simulated prices with similar statistical
properties as the observed price. These simulated prices can be used to calculate the probability
of positive/negative returns based on the empirical distribution of past returns and therefore
without the need to specify a theoretical distribution to calculate this probability. We define
the probability as
Pr(rt+1 > x%) =
N∑
n=1
(
rSBPt+1,n > x%
)
N
. (1.18)
where N is the number of simulated price paths, rSBPt+1,n is the simulated logarithmic return at
time t for the period t+ 1 from simulation run n, and x% is the chosen return threshold.
In addition to entering a trade, the trader can also determine the probability threshold—that is
to say, a long position is opened, if the probability of a return larger than x% over the next n
days is larger than (or equal) to y%; therefore:
Long : Pr(rt+1 > x%) ≥ y%. (1.19)
where, as described above, x% is the return threshold and y% represents the specified probability
Chapter 1 17
threshold.
In our baseline configuration we set the probability target, y%, equal to 50 percent, but impose
a greater-than restriction instead of a greater-than-or-equal-to restriction.
1.6 Performance Evaluation
To compare the empirical results of our backtests we evaluate the performance of our trading
strategies using two metrics. The first metric is the Sharpe ratio, which is used as a risk-adjusted
return measure, with our second metric—maximum drawdown—we focus purely on the losses
experienced when applying a strategy.
1.6.1 Sharpe Ratio
The Sharpe ratio is defined as the strategy j’s mean of excess returns over the risk-free asset,
µˆj , divided by its standard deviation, σˆj . Formally, the Sharpe ratio for strategy j is defined as
ŜRj =
µˆj
σˆj
. (1.20)
1.6.2 Maximum Drawdown
Maximum drawdown is defined as the largest drop from peak to trough over a certain period
of time, [0, T ]. Mathematically speaking, if vt(x) is the net asset value of a trading strategy
at time t, the drawdown function at time t is defined as the difference between the maximum
of this function and the value of this function at time t. From the drawdown function, the
maximum drawdown can be determined by choosing its maximum value over the entire time
interval, [0, T ].
Formally, the maximum drawdown of strategy j is defined as
MDDj = max
0≤t≤T
(
max0≤τ≤t[vτ (x)]− vt(x)
max0≤τ≤t[vτ (x)]
)
· (−1) . (1.21)
1.7 Data & Empirical Results
The price data we test in this paper was collected from the Bloomberg Terminal with daily
frequency over a time period from December 2004 until June 2015.
This chapter shows the empirical results for two assets: the MSCI World Index and the Standard
& Poor’s 500 Index. The empirical results for other assets and a variety of robustness checks
will be provided upon request and will be collected and documented in our online appendix. 5
1.7.1 Parameter Settings
Figure 1.2 shows the parameters used in our backtests. The baseline model uses a moving average
specification of 50 days for the fast period and 200 days for the slow period. We simulate 200
alternative price paths and reset the simulation process every ten days. We use GARCH(1,1) as
5Link to online appendix.
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our volatility model in the baseline model. We also implement a volatility model detector that
automatically detects the best explaining model and applies it. For illustrative purposes and
ease of use we provide the results using the most basic model. Additionally, Hansen and Lunde
(2005) find that among 330 different models none predicts volatility significantly better than
GARCH(1,1). Other parameter combinations can be found in the appendix to this paper, where
the robustness checks are presented.
Path simulations 200
Price ahead simulations 10
MA, fast 50
MA, slow 200
Model type GARCH(1,1)
Strategy type Long only
Figure 1.2: This table shows the standard configuration used for the empirical tests.
1.7.2 Price Simulations
Before discussing the empirical results of our backtested trading strategies we would like to
focus on the scenario building process itself and the resulting simulated prices. We can clearly
recognize that overall our simulation results are in line with the development of the observed
price series. This follows from the fact that our simulated price paths oscillate around the
observed price series, as can be seen in Figure 1.3, where we plot the observed MSCI World
price series in black and the simulated price series in pink. Since we simulate 200 artificial price
paths in our baseline model, our simulated prices also show deviations from the observed price.
To reduce these deviations we calculate the median of all simulated price paths and compare
this price series to the observed price. Again the structure is very similar to the observed price
series. For a more detailed examination of this result we provide Figure 1.4, which plots both
series–the observed price in black and the median of our simulated prices in dotted pink. To
capture the relationship between either the observed price and the median of our simulated
prices or the observed price and all simulated price paths, we report the correlation coefficients.
First we calculate the average correlation coefficient between the observed and each simulated
price using both the Pearson and the Spearman approach. Both metrics are very high, with
a correlation coefficient of 0.985 each. The correlation coefficients between the median of our
simulated prices and the observed price are 0.985 using Pearson’s and 0.984 using Spearman’s
approach. We observe stronger deviations from the observed price in times of high volatility,
where our simulated prices fluctuate slightly more widely around the observed price series.
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Figure 1.3: Observed and Simulated Prices: This figure, based on the MSCI World Index, shows
the simulated price paths resulting from our scenario building process in pink, and the observed price
series in black.
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Figure 1.4: Observed and Median Simulated Price: In this figure, based on the MSCI World
Index, we plot the median simulated price resulting from our scenario building process in dotted pink
together with the observed price in black.
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1.7.3 Equity Case–MSCI World
We use the MSCI World Index as the underlying asset for the backtests of our equity case. The
MSCI World Index contains large- and mid-cap companies spread over more than 20 developed
markets countries. Having more than 1,500 constituents, the index covers approximately 85
percent of the market capitalization in each country. To visualize our empirical findings, we
provide Figures 1.5 and 1.6; the first shows the cumulative return generated by the respective
trading strategy. In each of these figures we plot four data series: the black series is the buy-
and-hold strategy, which buys the asset at t = 0 and holds it until t = T . This is plotted for
illustration purposes only, as we do not try to outperform the buy-and-hold strategy. We will
nonetheless refer to the buy-and-hold strategy if such reference is beneficial. The red series is
the moving average cross strategy, the blue line represents the median simulated price strategy,
and the green line represents the probability strategy.
As can be seen in the Figure 1.5, the probability-based strategy achieves the highest cumulative
return. The strategy benefits significantly from its ability to correctly predict the market stress
generated during the financial crisis. In contrast to the buy-and-hold strategy, the probability
strategy is able to circumvent the large drawdowns of 40–60 percent as can be seen in Figure
1.6. The probability strategy does not capture the recovery of asset prices to the same extent as
does the buy-and-hold strategy. The probability strategy continues to outperform the buy-and-
hold and the benchmark strategies until the end of the data sample, mainly—as in the example
explained above—due to its ability to predict coming market stress. The probability strategy
is, by its nature, a defensive strategy, with the primary goal of avoiding drawdowns. Therefore,
it does not react as strongly to market recoveries as the underlying asset itself, but in terms
of its Sharpe ratio strongly outperforms the buy-and-hold as well as the benchmark strategy,
the moving average cross. All this results in a Sharpe ratio for the probability strategy that is
almost 35 percent larger relative to our benchmark strategy. The behavior of the median moving
average cross is very similar to that of the probability strategy over the entire testing period.
They were able to avoid the huge drop in the price level caused by the financial crisis but not
as well as was the benchmark strategy. The strategies based on simulated prices are, however,
able to better catch the market recovery than the benchmark strategy. In contrast to during the
financial crisis, both simulation-based strategies perform better than the benchmark strategy in
the mid-2011 market correction. This outperformance is the fundament for the better risk-return
properties of our simulation-based strategies. In addition, both strategies perform better at the
end of 2014 until the end of our data sample, which leads to even stronger backtesting results
in favor of the median moving average cross and the probability strategies. The median moving
average cross generates an outperformance of 31 percent in terms of its Sharpe ratio relative to
our benchmark. The maximum drawdown of both the probability and the median simulated
price strategy is 25%. This is a reduction of 5% or almost 14% relative to the benchmark
strategy.
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Figure 1.5: Cumulative Return: This chart shows the cumulative return of four investment strate-
gies: in black, the buy-and-hold strategy; the dotted red line represents the moving average cross, our
benchmark strategy; whereas the blue and green lines represent our simulation-based trading strategies,
the median moving average cross and the probability strategy, respectively. This chart shows the equity
case using the MSCI World Index. The tested strategies are based on a moving average parametrization
of 50 days for the fast-, and 200 days for the slow-moving average. We simulate 200 price paths using
our adapted scenario building process.
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Figure 1.6: Drawdown: This chart shows the maximum drawdown of four investment strategies: in
black, the buy-and-hold strategy; the dotted red line represents the moving average cross, our benchmark
strategy; whereas the blue and green lines represent our simulation-based trading strategies, the median
moving average cross and the probability strategy, respectively. This chart shows the equity case using
the MSCI World Index. The tested strategies are based on a moving average parametrization of 50 days
for the fast-, and 200 days for the slow-moving average. We simulate 200 price paths using our adapted
scenario building process.
Jul 13
2006
Jan 01
2008
Jan 01
2009
Jan 01
2010
Jan 03
2011
Jan 02
2012
Jan 01
2013
Jan 01
2014
Jan 01
2015
2006−07−13 / 2015−06−29
−0.6
−0.5
−0.4
−0.3
−0.2
−0.1
Buy−and−hold
MA Cross
SBP Probability
SBP Median Cross
Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.1024 0.2979 0.4006 0.3905
(0.280) (0.146) (0.087) (0.092)
Annualized Return 0.0184 0.0315 0.0428 0.0417
Annualized Std Dev 0.1799 0.1057 0.1069 0.1069
Maximum Drawdown 0.6173 0.2917 0.2487 0.2454
Figure 1.7: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index. The
moving averages are specified as follows: the slow-moving average is equal to 200 and the fast-moving
average is equal to 50. The time period tested is from 2006-07-14 to 2015-06-29. Number of simulations
is equal to 200, with number of steps equal to 10.
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1.7.4 Equity Case–Standard & Poor’s 500
We use the S&P 500 Index as the underlying asset for the backtests of our equity case. The
S&P 500 includes 500 stocks of leading large-cap US companies and captures approximately 80
percent of the available market capitalization. To visualize our empirical findings, we provide
Figures 1.8 and 1.9. The first shows the cumulative return generated by the respective trading
strategy; the second plots and compares the drawdowns each strategy experiences. Clearly, the
trading strategies based on our simulated prices outperform the benchmark strategy in terms
of cumulative return. The behavior of all tested trend-following strategies is very similar in
terms of cumulative return as well as in terms of drawdowns. However, in spring 2010 the
simulation-based strategies are able to close their positions at a better time than the benchmark
strategy does, and the benchmark strategy loses significantly more, as can be seen in Figure
1.9. Afterward, the signals created by the three trading strategies are approximately identical
until mid-2011, when the benchmark strategy leaves its long position open for too long. In
contrast, both simulation-based strategies close out their long positions earlier resulting in a
lower drawdown in this period. This again results in amplified outperformance relative to the
benchmark strategy. These findings, translated into numbers, are provided in Figure 1.10. It
contains the annualized Sharpe ratios for our tested trading strategies. The median moving
average cross strategy achieves the highest Sharpe ratio with 0.8022, or, 14 percent higher than
the benchmark’s Sharpe ratio. The probability strategy has a Sharpe ratio of 0.7997, which
is almost as high as the median moving average cross strategy. As can be seen in Figure
1.10, the outperformance is due to the higher annualized return, whereas the volatility of both
simulation-based strategies is slightly higher than that of the benchmark strategy. But as the
volatilities of all three trend-following strategies are almost equal and we do not focus on standard
deviation as our risk-measure, we move to the maximum drawdown figures in the last row of
the same table. It is important to notice that the benchmark strategy reduces the maximum
drawdown by approximately 65 percent relative to the buy-and-hold strategy even though its
main disadvantage is its lagging behavior in terms of trading signal generation. The simulation-
based strategies both experience a maximum drawdown of 18 percent which is a 10% reduction
relative to the benchmark strategy.
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Figure 1.8: Cumulative Return: This chart shows the cumulative return of four investment strate-
gies: in black, the buy-and-hold strategy; the dotted red line represents the moving average cross, our
benchmark strategy; whereas the blue and green lines represent our simulation-based trading strategies,
the median moving average cross and the probability strategy, respectively. This chart shows the equity
case using the S&P 500 Index. The tested strategies are based on a moving average parametrization of
50 days for the fast-, and 200 days for the slow-moving average. We simulate 200 price paths using our
adapted scenario building process.
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Figure 1.9: Drawdown: This chart shows the maximum drawdown of four investment strategies: in
black, the buy-and-hold strategy; the dotted red line represents the moving average cross, our benchmark
strategy; whereas the blue and green lines represent our simulation-based trading strategies, the median
moving average cross and the probability strategy, respectively. This chart shows the equity case using
the S&P 500 Index. The tested strategies are based on a moving average parametrization of 50 days
for the fast-, and 200 days for the slow-moving average. We simulate 200 price paths using our adapted
scenario building process.
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Sharpe ratio 0.2710 0.6996 0.7997 0.8022
(0.131) (0.013) (0.006) (0.006)
Annualized Return 0.0568 0.0862 0.0999 0.1002
Annualized Std Dev 0.2096 0.1232 0.1249 0.1249
Maximum Drawdown 0.5962 0.2007 0.1803 0.1803
Figure 1.10: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset S&P 500 Index. The moving
averages are specified as follows: the slow-moving average is equal to 200 and the fast-moving average is
equal to 50. The time period tested is from 2006-07-14 to 2015-06-29. Number of simulations is equal to
200, with number of steps equal to 10.
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1.8 Robustness
In Chapter A we report the conducted robustness checks to challenge the main findings in this
paper. These robustness checks include a sensitivity analysis of the chosen parametrization of
our trading strategy, a subsample test, as well as long–short and short–only backtests. On
top of these robustness checks which target the trading strategy itself, we challenge the sce-
nario building approach itself by altering the number of price simulations and days-ahead price
simulations. The sensitivity analysis related to the chosen lookback period supports our main
findings, as the probability and the median moving average cross strategy both still outperform
the benchmark strategy. We detect, however, that the drawdown figures (for all active strate-
gies) are affected by shortening the chosen smoothing period. This makes intuitively sense, as
the shorter smoothing period implies more noise contained in the signal-generating series. The
chosen period for our subsample analysis was challenging: it contains the financial crisis and
the recovery thereafter. While the buy-and-hold strategy generates a negative Sharpe ratio over
this period, both simulation-based strategies generate significantly higher Sharpe ratios relative
to benchmark, the moving average cross strategy. The results presented in the main paper,
based on a long–only trading environment are robust, even when we change to long–short or
short–only: the simulation-based strategies achieve the highest Sharpe ratio, as their annualized
return is significantly higher as the annualized return of the benchmark strategy while keeping
the volatility at comparable levels. To challenge the dependency of our scenario building process
on our chosen input parameters, we increase the number of simulated price series by quadrupling
it. The empirical results for these backtests support our main findings, documenting the perfor-
mance improvement of our simulation-based strategies compared to the moving average cross
strategy in terms of Sharpe ratio and maximum drawdown. We alter the days-ahead price sim-
ulations to test the robustness of our findings with regard to the predictive power of our model.
We clearly find, that the shorter the days-ahead simulations, the better the results. Therefore,
our results support the simulation of few days-ahead. Overall, the conducted robustness checks
support the findings of our main paper.
1.9 Conclusion
In this paper we simulate alternative price paths based on the observed, empirical distribution
of past returns. This allows us to circumvent the problem of pre-specifying a distribution
function that our simulated returns have to follow. This scenario building process is therefore
distribution agnostic. Our empirical results suggest that using a simulation process that is
able to capture the characteristics of a price and volatility series it is possible to improve trend-
following trading strategies. Based on our simulated prices we develop two trading strategies: the
probability strategy looks at the probability of tomorrow’s return being larger than a specified
threshold, whereas the median simulated price strategy uses the median of all simulated prices
and generates trading signals with the same logic as does the benchmark strategy, the moving
average cross system. However, the probability and the median simulated price strategy use
tomorrow’s simulated price data to create tomorrow’s trading signal, which is then traded on
the underlying asset. We test our trading strategies against the moving average cross system,
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which is widely applied in the financial industry (see Brock et al. (1992)). Our results are stable
across a variety of chosen parametrizations and, more important, across several assets. The
methodology presented in this paper is able to improve the existing trend-following strategy, the
moving average cross, in terms of both Sharpe ratio and maximum drawdown. Both trading
strategies, the probability and the median simulated price strategy, are able to detect increased
market stress and therefore outperform the benchmark strategy. Especially either in times of
high volatility or when, by its nature, an asset exhibits high volatility, the probability and the
median simulated price strategy are able to reduce drawdowns. This leads to their significant
outperformance relative to the benchmark strategy. We test our methodology on various assets
and report the empirical findings for an equity investment in the MSCI World and in Standard
& Poor’s 500 Index. Additionally, we conduct several robustness checks in order to challenge
the main findings of our baseline results. The empirical results of our robustness checks support
our main findings. Even though our strategies outperform the buy-and-hold strategy most of
the time, it is important to recall that this is not the goal of this paper. Our strategies have
to outperform the moving average cross system using the same specification as the benchmark
strategy. We therefore do not adjust the moving average cross parametrization to better fit a
specific asset. Our only goal is to improve the trend-following strategy. Fitting the strategy
calibration to the price series to improve the performance and exposing our results to possible
curve fitting is not our intention and is left to the trader if desired. We provide a methodology
that can be widely applied to improve strategies and make them more robust for a large universe
of assets.
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A Appendix: Chapter 1
A.1 Important Formulas
In this section we provide the most important formulas used in our paper. In contrast to our
main paper, which reports the long-only empirical results, this appendix contains additional
long–short and short-only backtests and therefore also the respective formulas. In Subsection
A.1.1 we provide both the long and short formulas for every tested trading strategy.
A.1.1 Trading Strategies
A.1.1.1 Moving Average Cross
MAk1 =
0∑
v=−k1+1
Pt+v
k1
, (A.1)
where k1 = the moving average period.
Long :
0∑
v=−k1+1
Pt+v
k1
>
0∑
v=−k2+1
Pt+v
k2
and, (A.2)
Short :
0∑
v=−k1+1
Pt+v
k1
<
0∑
v=−k2+1
Pt+v
k2
, (A.3)
with moving average periods 0 < k1 < k2.
A.1.1.2 Median Moving Average Cross
Long :MAk1
(
x˜0.5(P
SBP
1,N )
)
> MAk2
(
x˜0.5(P
SBP
1,N ) and, (A.4)
Short :MAk1
(
x˜0.5(P
SBP
1,N )
)
< MAk2
(
x˜0.5(P
SBP
1,N ), (A.5)
where x˜0.5 is used as notation for median, SBP stands for scenario building process, and PSBP1,N
indicates the simulated price series starting with the first simulated price path, PSBP1 , and
ending with the last simulated price path, PSBPN .
A.1.1.3 Probability Strategy
Pr(rt+1 > x%) =
N∑
n=1
(
rSBPt+1,n > x%
)
N
. (A.6)
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where N is the number of simulated price paths, rSBPt+1,n is the simulated logarithmic return at
time t for the period t+ 1 from simulation run n, and x% is the chosen return threshold.
In addition to entering a trade, the trader can also determine the probability threshold—that is
to say, a long position is opened, if the probability of a return larger than x% over the next n
days is larger than (or equal) to y%; therefore:
Long : Pr(rt+1 > x%) ≥ y%, (A.7)
where, as described above, x% is the return threshold and y% represents the specified probability
threshold.
Short : Pr(rt+1 > x%) < y%, (A.8)
where, as described above, x% is the return threshold and y% represents the specified probability
threshold.
A.2 Parameter Settings
Exhibit A.1 shows the parameters used in our backtests. The baseline model uses a moving
average specification of 200 days for the slow period and 50 days for the fast period. The other
combinations can be found in Section A.3, where some robustness checks are presented. We
conduct robustness checks by altering the following specification, set in italics:
MA, fast 5, 10, 50
MA, slow 20, 50, 200
Sample period 07/2006–06/2015, 01/2005–12/2011
Strategy type L, LS, S
Path simulations 200, 800
Price ahead simulations 10, 15, 20, . . . , 100
Figure A.1: This table shows the alternative configurations used for the empirical tests.
A.3 Robustness Checks
In this section we share additional insights into the results of our empirical analysis. The
robustness checks presented in this section are based on the equity case using the MSCI World
Index as in the first reported results in the main paper.
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A.3.1 (10, 50) Specification
The results for the (10, 50) specification support our findings from the baseline model, where
we use a moving average parametrization of (50, 200). As in our baseline results, the trading
strategies based on our simulated prices outperform the benchmark, the moving average cross
strategy. In this case, the Sharpe ratio is even more significantly different than in the baseline
results. The effect is amplified when looking at the annual Sharpe ratios, which are now 26
percent (probability strategy) and 41 percent (median simulated price) higher compared to
the benchmark’s Sharpe ratio. This is also mirrored in the drawdown statistics: Whereas
the benchmark strategy reduces the maximum drawdown from 62 percent in the buy-and-hold
strategy to 27 percent, which is a reduction of slightly more than 56 percent, our strategies
reduce the drawdowns even more. Compared to the benchmark strategy, our strategies are able
to reduce the maximum drawdown even further from 4 percent up to more than 10 percent.
Even though our benchmark is not the buy-and-hold strategy, this translates into a drawdown
reduction of between 58 percent and 61 percent..
Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.1399 0.2421 0.3073 0.3409
(0.235) (0.176) (0.128) (0.107)
Annualized Return 0.0243 0.0249 0.0323 0.0359
Annualized Std Dev 0.1738 0.1028 0.1052 0.1053
Maximum Drawdown 0.6173 0.2740 0.2641 0.2431
Figure A.2: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
long-only environment. The moving averages are specified as follows: the slow-moving average is equal
to 50 days and the fast-moving average is equal to 10 days. The time period tested is from 2004 to 2015.
The number of simulations is equal to 200, with the number of steps equal to 10.
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Figure A.3: This chart shows the cumulative return of four investment strategies: in black, the buy-
and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy; the
blue and green lines represent our simulation-based trading strategies, the median moving average cross
and the probability strategy, respectively. This chart shows the equity case using the MSCI World Index.
The tested strategies are based on a moving average parametrization of 10 days for the fast- and 50 days
for the slow-moving average. We simulate 200 price paths using our adapted scenario building process.
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Figure A.4: This chart shows the maximum drawdown of four investment strategies: in black, the
buy-and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy;
the blue and green lines represent our simulation-based trading strategies, the median moving average
cross and the probability strategy, respectively. This chart shows the equity case using the MSCI World
Index. The tested strategies are based on a moving average parametrization of 10 days for the fast- and
50 days for the slow-moving average. We simulate 200 price paths using our adapted scenario building
process.
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A.3.2 (5, 20) Specification
The specification using a fast-moving average period of 5 days and a slow-moving average period
of 20 days results in a lower Sharpe ratio and higher maximum drawdown for our benchmark
strategy compared to our baseline model results. For the benchmark strategy, using a (50,
200) moving average specification leads to a Sharpe ratio which is two times larger than the
Sharpe ratio reported in this robustness check. This is in contrast to the achieved Sharpe ratio
of the probability strategy that is 5 percent higher relative to the baseline Sharpe ratio. The
median simulated price strategy still achieves a 3 percent higher Sharpe ratio relative to the
Sharpe ratio reported in our baseline results. In terms of drawdowns, the benchmark strategy
suffers from a 13 percent increase in drawdown relative to the worst drawdown generated in
our baseline results. This is also true for our proprietary strategies: the probability strategy
has an increase in the worst drawdown statistic of 4 percent relative to the baseline results and
the median simulated price has an increased maximum drawdown of 18 percent relative to the
baseline results. Compared to the (10, 50) specification, the Sharpe ratio plunged more than 40
percent and the drawdowns increased by 22 percent. Due to the shorter smoothing periods the
trading strategy enters trades more aggressively. These trades might be interpreted as short-
term opportunities. However, the underlying price series are lacking a real, longer-term trend.
This behavior does not seem to pay off in the benchmark case. In contrast to the benchmark
case, our strategies exhibit only slightly higher drawdowns of at most 20 percent. In contrast
to the benchmark case, the increased risk taken by entering short-term oriented trades pays off
and is manifested in the higher Sharpe ratios of our trading strategies. The Sharpe ratio of the
probability strategy rises more than 33 percent and the Sharpe ratio of the median simulated
price strategy rises almost 20 percent.
Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.2381 0.1561 0.4715 0.4526
(0.225) (0.310) (0.068) (0.076)
Annualized Return 0.0258 0.0105 0.0430 0.0413
Annualized Std Dev 0.1730 0.1024 0.1021 0.1029
Maximum Drawdown 0.6173 0.3255 0.2641 0.2942
Figure A.5: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
long-only environment. The moving averages are specified as follows: the slow-moving average is equal
to 20 days and the fast-moving average is equal to 5 days. The time period tested is from 2004 to 2015.
The number of simulations is equal to 200, with the number of steps equal to 10.
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Figure A.6: This chart shows the cumulative return of four investment strategies: in black, the buy-
and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy; the
blue and green lines represent our simulation-based trading strategies, the median moving average cross
and the probability strategy, respectively. This chart shows the equity case using the MSCI World Index.
The tested strategies are based on a moving average parametrization of 5 days for the fast- and 20 days
for the slow-moving average. We simulate 200 price paths using our adapted scenario building process.
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Figure A.7: This chart shows the maximum drawdown of four investment strategies: in black, the
buy-and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy;
the blue and green lines represent our simulation-based trading strategies, the median moving average
cross and the probability strategy, respectively. This chart shows the equity case using the MSCI World
Index. The tested strategies are based on a moving average parametrization of 5 days for the fast- and
20 days for the slow-moving average. We simulate 200 price paths using our adapted scenario building
process.
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The robustness checks conducted using different moving average periods support our findings.
Even though the strategies might exhibit higher drawdowns compared to the base-case exam-
ple with a very slow-moving average configuration (recall that the slow-moving average period
is almost one year of daily price observations), the Sharpe ratios of our trading strategies are
significantly higher than the benchmark’s Sharpe ratio. In addition, the maximum drawdown
figures are nonetheless lower than those of the benchmark strategy, indicating that our trading
strategies yield better results in terms of risk management but also risk-adjusted return gen-
eration, which would be reflected in performance metrics such as Sharpe, Calmar, and Sortino
ratios. We will next discuss robustness checks using subsamples of our full data sample to test
if the results persist even for other time periods that might include other investment regimes
and fewer and/or other trends.
A.3.3 Subsample Testing
In this section we report and discuss the empirical results from our baseline configuration applied
to a subsample of our original dataset using data from July 2006 until December 2011. We
choose this period as a subsample because it was an extremely challenging environment for
the financial markets. As we see in Exhibit A.9, there was an initial upward-trending market
until the end of 2007, with a peak around July 2007 a short setback afterwards, only for the
market to climb back to its previous heights in autumn 2007. Afterward, the markets entered
a pronounced decline, which accelerated notably in autumn 2008. After reaching the trough
at the beginning of 2009, the markets recovered and started regaining their losses from the
financial crisis, with a strong uptrend environment with whipsaws that lasted until the end of
our full dataset. Our chosen subsample is therefore challenging since we have the end of an
uptrend, which is already slowly losing its dynamic, moving into a sideways market with an
abrupt change in trend direction moving downward, only to—after the sharp correction in asset
prices—trend upward again with more volatility in the markets than before. As reflected in
both the chart and the Sharpe ratio statistics, the buy-and-hold strategy lost money in our
subsample. It was therefore a bad environment for passive investors since the market was not
able to regain the losses experienced in this period. However, the probability strategy and the
median simulated price strategy were able to avoid the large losses resulting from the financial
crisis. This is also true for the benchmark strategy, which performs slightly better until mid-
2009 since it exits the market earlier than our proprietary strategies. All three strategies perform
similarly in the uptrend following the financial crisis and are not able to fully capture the large
gains the market generated. This is due to the fact that our baseline models work with a very
lethargic moving average configuration of 50 and 200 days, which are lagging and only slowly
adjusting to the newly existing uptrend. From a risk perspective all three strategies are able
to avoid some of the whipsaws in the uptrend and therefore are more stable than the buy-and-
hold strategy. Especially after January 2011, where the MSCI World Index lost more than 15
percent, the three trading strategies react desirably and close their positions, while particularly
our probability and median simulated price strategies outperform the benchmark strategy by
benefiting from a short upleg in the MSCI World Index before closing out the position. This
interpretation is also reflected in the Sharpe ratio statistics, where the benchmark strategy has
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Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio -0.0573 0.2923 0.4214 0.4334
(0.553) (0.247) (0.163) (0.156)
Annualized Return -0.0346 0.0262 0.0417 0.0431
Annualized Std Dev 0.2145 0.1118 0.1145 0.1145
Maximum Drawdown 0.6173 0.2012 0.1930 0.1969
Figure A.8: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
long-only environment. The moving averages are specified as follows: the slow-moving average is equal
to 200 days and the fast-moving average is equal to 50 days. The time period tested is from 2005 to 2011.
The number of simulations is equal to 200, with the number of steps equal to 10.
a Sharpe ratio of 0.2923 compared to the probability strategy, which has a Sharpe ratio of
0.4214, and the median simulated price strategy, with 0.4334. This translates into a relative
Sharpe ratio outperformance of 40–48 percent. As our simulation-based trading strategies are
also slightly better in terms of maximum drawdown than the benchmark strategy, the findings
in this subsample analysis are in line with our other results.
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Figure A.9: This chart shows the cumulative return of four investment strategies: in black, the buy-
and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy; the
blue and green lines represent our simulation-based trading strategies, the median moving average cross
and the probability strategy, respectively. This chart shows the equity case using the MSCI World Index.
The tested strategies are based on a moving average parametrization of 50 days for the fast- and 200 days
for the slow-moving average. We simulate 200 price paths using our adapted scenario building process.
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Figure A.10: This chart shows the maximum drawdown of four investment strategies: in black, the
buy-and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy;
the blue and green lines represent our simulation-based trading strategies, the median moving average
cross and the probability strategy, respectively. This chart shows the equity case using the MSCI World
Index. The tested strategies are based on a moving average parametrization of 50 days for the fast- and
200 days for the slow-moving average. We simulate 200 price paths using our adapted scenario building
process.
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A.3.4 Long–Short Strategy
In this robustness check we leave our long-only environment behind and backtest our strategy in
a long–short environment. Since the buy-and-hold strategy is a long-only strategy by definition,
we only provide the buy-and-hold results as a reference, but they cannot be directly compared
to the other three strategies. The trend-following strategies generate signals as outlined in
Subsection A.1.1.
It is important to bear in mind that the strategies are simply tested in a long–short environ-
ment without adding additional constraints with respect to signal generation. The probability
strategy for instance could be extended such that the strategy also generates a market-neutral
signal where it is not invested. This can be done by choosing a different threshold, y%, for the
short signal. In our long–short backtests the long and short thresholds are the same, therefore
x = y.
Exhibit A.12 shows that all three trend-following strategies strongly benefit from the financial
crisis and the heavy losses experienced by the underlying asset. In contrast to the probability and
the median simulated price strategy, the benchmark strategy benefits most as it generates fewer
false short signals at the very beginning of the financial crisis. Overall, all the trend-following
strategies are able to generate good short signals in this period until the market reaches its
trough. After having reached the trough, the trend-following strategies are once again unable
to capture the immediate, strongly up-trending market and its associated gains. From the end
of 2011 onward, the probability and the median simulated price strategy are able to perform
similarly to the buy-and-hold strategy, whereas the benchmark strategy loses ground and—by
the end of the dataset—only achieves a slightly higher cumulative return than the buy-and-hold
strategy. But keep in mind that the buy-and-hold strategy cannot be compared directly and
only serves as a reference. The fact that the benchmark strategy loses ground is also reflected in
Exhibit A.13, where we clearly see that it experiences significantly higher drawdowns than our
proprietary strategies do for a long time period. The Sharpe ratios of the probability and median
simulated price strategies tell the same story. While the Sharpe ratio of our benchmark strategy
is slightly higher than the buy-and-hold strategy, the probability strategy has a Sharpe ratio that
is 35 percent higher and the median simulated price strategy achieves a Sharpe ratio which is 30
percent higher relative to the benchmark. Moving to the risk analysis, the benchmark strategy
is able to reduce the drawdown to 57 percent, 8 percent lower than that of the buy-and-hold
strategy. Relative to the benchmark, our proprietary strategies are able to reduce the worst
drawdown by 20 percent. Summarizing this discussion, we can say that both the probability
and the median simulated price strategy outperform the benchmark strategy in terms of Sharpe
ratio and maximum drawdown in a long–short environment.
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Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.1950 0.2187 0.3441 0.3323
(0.280) (0.256) (0.152) (0.160)
Annualized Return 0.0184 0.0228 0.0457 0.0435
Annualized Std Dev 0.1799 0.1799 0.1799 0.1799
Maximum Drawdown 0.6173 0.5731 0.4551 0.4586
Figure A.11: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
long–short environment. The moving averages are specified as follows: the slow-moving average is equal
to 200 days and the fast-moving average is equal to 50 days. The time period tested is from 2004 to 2015.
The number of simulations is equal to 200, with the number of steps equal to 10.
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Figure A.12: This chart shows the cumulative return of four investment strategies: in black, the buy-
and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy; the
blue and green lines represent our simulation-based trading strategies, the median moving average cross
and the probability strategy, respectively. This chart shows the equity case using the MSCI World Index.
The tested strategies are based on a moving average parametrization of 50 days for the fast- and 200 days
for the slow-moving average. We simulate 200 price paths using our adapted scenario building process.
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Figure A.13: This chart shows the maximum drawdown of four investment strategies: in black, the
buy-and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy;
the blue and green lines represent our simulation-based trading strategies, the median moving average
cross and the probability strategy, respectively. This chart shows the equity case using the MSCI World
Index. The tested strategies are based on a moving average parametrization of 50 days for the fast- and
200 days for the slow-moving average. We simulate 200 price paths using our adapted scenario building
process.
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A.3.5 Short-Only Strategy
In this robustness check we stay away from our long-only environment and backtest our strategy
in a short-only environment. Since the buy-and-hold strategy is a long-only strategy, we only
provide the buy-and-hold results as a reference but–again–they cannot be directly compared
to the other three strategies. Please refer to those of the Equations (A.3), (A.5), and (A.8) in
Subsection A.1.1, where we explain how the trend-following strategies generate signals in a short
environment. Keep in mind that the strategies are simply tested in a short-only environment
without adding additional constraints with respect to signal generation. The probability strategy
for instance generates a sell signal as soon as the probability of tomorrow’s return being positive is
less than a specified threshold. The threshold was not optimized for this short-only environment;
neither was tomorrow’s expected return specified differently to generate superior results: the
Sharpe ratios clearly indicates the superiority of our probability and median simulated price
strategies compared to the benchmark strategy—it is approximately six times larger than the
Sharpe ratio of the benchmark strategy. The drawdown analysis is also in line with the previous
results: The benchmark strategy experiences a maximum drawdown of 55 percent whereas our
proprietary strategies are able to reduce the worst drawdown by 15 percent relative to the
benchmark strategy. The results from the short-only backtests are therefore in line with the
previously reported results.
Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.1950 0.0146 0.0926 0.0853
(0.280) (0.483) (0.391) (0.399)
Annualized Return 0.0184 -0.0084 0.0027 0.0017
Annualized Std Dev 0.1799 0.1456 0.1447 0.1447
Maximum Drawdown 0.6173 0.5484 0.4690 0.4707
Figure A.14: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
short-only environment. The moving averages are specified as follows: the slow-moving average is equal
to 200 days and the fast-moving average is equal to 50 days. The time period tested is from 2004 to 2015.
The number of simulations is equal to 200, with the number of steps equal to 10.
44 Appendix: Chapter 1
Jul 14
2006
Jan 01
2008
Jan 01
2009
Jan 01
2010
Jan 03
2011
Jan 02
2012
Jan 01
2013
Jan 01
2014
Jan 01
2015
Cumulative Return 2006−07−14 / 2015−06−29
0.5
1.0
1.5
2.0
Buy−and−hold
MA Cross
SBP Probability
SBP Median Cross
Figure A.15: This chart shows the cumulative return of four investment strategies: in black, the buy-
and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy; the
blue and green lines represent our simulation-based trading strategies, the median moving average cross
and the probability strategy, respectively. This chart shows the equity case using the MSCI World Index.
The tested strategies are based on a moving average parametrization of 50 days for the fast- and 200 days
for the slow-moving average. We simulate 200 price paths using our adapted scenario building process.
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Figure A.16: This chart shows the maximum drawdown of four investment strategies: in black, the
buy-and-hold strategy; the dotted red line represents the moving average cross, our benchmark strategy;
the blue and green lines represent our simulation-based trading strategies, the median moving average
cross and the probability strategy, respectively. This chart shows the equity case using the MSCI World
Index. The tested strategies are based on a moving average parametrization of 50 days for the fast- and
200 days for the slow-moving average. We simulate 200 price paths using our adapted scenario building
process.
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A.3.6 Number Of Price Simulations
In this part of the robustness checks we quadruple the number of simulated alternative price
paths from 200 to 800. We do this to make sure that the results do not depend on too few
price simulations and therefore are not simulating the full empirical distribution of the asset
price process. The results from this robustness check are in line with what we found previously:
the Sharpe ratios of our strategies are between 28 percent and 30 percent higher than the
benchmark case, whereas the worst drawdown can be reduced to between 83 percent and 86
percent compared to the benchmark strategy.
Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.1950 0.3523 0.4572 0.4527
(0.280) (0.146) (0.086) (0.088)
Annualized Return 0.0184 0.0315 0.0432 0.0427
Annualized Std Dev 0.1799 0.1057 0.1069 0.1069
Maximum Drawdown 0.6173 0.2917 0.2430 0.2463
Figure A.17: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
long-only environment. The moving averages are specified as follows: the slow-moving average is equal
to 200 days and the fast-moving average is equal to 50 days. The time period tested is from 2004 to 2015.
The number of simulations is equal to 800, with the number of steps equal to 10.
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A.3.7 Days-Ahead Price Simulations
In this robustness check we alternate the number of price-ahead simulations which also changes
the frequency of price adjustments. Recall that after every n days we use today’s observed price
to simulate the new price paths. In our baseline results we simulate ten days ahead. To test
whether our results critically depend on the chosen parametrization of ten days, we challenge our
findings by changing the days-ahead simulation. In this paper we report the backtesting results
of two additional configurations; 50 days ahead and 5 days-ahead. We start with a discussion
of the 50 days-ahead results.
Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.1950 0.3523 0.3504 0.4131
(0.280) (0.146) (0.147) (0.108)
Annualized Return 0.0184 0.0315 0.0329 0.0399
Annualized Std Dev 0.1799 0.1057 0.1124 0.1119
Maximum Drawdown 0.6173 0.2917 0.3153 0.2986
Figure A.18: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
long-only environment. The moving averages are specified as follows: the slow-moving average is equal
to 200 days and the fast-moving average is equal to 50 days. The time period tested is from 2004 to 2015.
The number of simulations is equal to 200, with the number of steps equal to 50.
We would like to first compare the Sharpe ratio of the moving average cross system with that
of our probability strategy. As we see in Table A.18, the Sharpe ratio of our probability strat-
egy is slightly lower than that of the moving average cross. Even though the difference is not
statistically significantly, we want to point out this fact. This is also mirrored in the maximum
drawdown statistics, where the probability strategy experiences a 3 percent higher drawdown
than the benchmark strategy. We explain this finding by the fact that, as described in the
theoretical part of our main paper, it is possible that simulating longer time periods can lead
to more extreme scenarios with strong drifts away from the observed price. We recall that the
method applied in the present paper was developed for financial risk management, where ex-
treme scenarios and price drifts can be positively interpreted in order to create a full empirical
distribution based on historically observed statistical properties. Drifting artificial prices are
not desirable in our case since we trade the original asset and not the asset’s artificial price. We
therefore advocate simulating only few prices into the future and resetting the price simulation
Buy-and-hold MA Cross SBP Probability SBP Median Cross
Sharpe Ratio 0.1950 0.3523 0.5222 0.5366
(0.280) (0.146) (0.147) (0.108)
Annualized Return 0.0184 0.0315 0.0501 0.0517
Annualized Std Dev 0.1799 0.1057 0.1063 0.059
Maximum Drawdown 0.6173 0.2917 0.2652 0.2613
Figure A.19: This table shows the Sharpe ratio (p-values in parentheses), annualized return, standard
deviation, and maximum drawdown for the asset class equity and the asset MSCI World Index in a
long-only environment. The moving averages are specified as follows: the slow-moving average is equal
to 200 days and the fast-moving average is equal to 50 days. The time period tested is from 2004 to 2015.
The number of simulations is equal to 200, with the number of steps equal to 5.
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process to prevent the simulated asset prices to significantly drifting away from the observed
price series. Our median cross strategy still achieves a Sharpe ratio 17 percent higher than that
of the benchmark strategy. As this strategy relies on the median simulated price to create trad-
ing signals it is less sensitive to drifting simulated price series as, by definition, the median does
not put too much weight on extreme scenarios, whereas in the probability strategy each simu-
lated price series gets the same weight in the trading signal calculation. In particular, looking
at the annualized Sharpe ratio figures shows that our strategy based on the median simulated
price still has attractive properties compared to the benchmark strategy. To further investigate
the strategies’ sensitivity on the days-ahead price simulations we calculate the performance for
a set of days-ahead specifications—namely, {5, 10, 15,. . . , 90, 95, 100}. We plot the Sharpe ratio
as a function of days-ahead price simulations in the next two figures (see Exhibit A.20). The
first chart shows the resulting Sharpe ratio for the probability strategy and the second chart
for the median simulated price strategy. The line indicates the regression slope when regressing
the Sharpe ratio on the number of simulated daily prices. We clearly see that the Sharpe ratio
declines with the number of days-ahead price predictions, which again supports our recommen-
dation of simulating few prices and resetting the simulation process by using the observed price
to reduce the probability of the simulated prices drifting too far away from the observed price
series.
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Figure A.20: This chart has two panes, each of which plots the Sharpe ratio of one of our two trading
strategies as a function of the number of simulated daily ahead prices. Even though the Sharpe ratios
fluctuate, we can clearly identify the property that the more days ahead we simulate our asset prices, the
lower the Sharpe ratio gets. We tested a range of 5 to 100 days ahead.
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2 Is Trading Indicator Performance Robust? Evidence
from Scenario Building1
2.1 Introduction
Active trading and investment strategies have grown in popularity in recent decades both in
academia and in the investment management industry. However, recent research shows that
many active investment strategies with Sharpe ratios exceeding 2 are a pure result of luck and/or
overfitting (see for example Bailey et al. 2017; Harvey and Liu 2015; Harvey et al. 2016). The
focus of that research can be split into two groups: statistical adjustments to the reported Sharpe
ratios due to multiple testing, and determining the probability of overfitting the strategies to
the data—the latter otherwise known as data mining. One major problem when developing and
backtesting active investment strategies is the limited existence of financial data with which to
test the strategies. Splitting the available financial data into a testing sample (in-sample) and
excluding some data for testing the behavior of the strategy on a pro forma out-of-sample is the
standard way of dealing with the limited availability of data. As Bailey et al. (2017) show, this
procedure does not properly fulfill the idea of out-of-sample testing, as the researcher knows the
out-of-sample data and therefore can still reject a strategy if it performs badly. Additionally,
leaving out the most recent data leads to a trading strategy that does not fully reflect the
latest information available and therefore is based on old structures and regimes. As the price
evolution of a financial asset is just one realization of a stochastic process out one of many
possible histories, we simulate artificial prices with similar statistical properties as the observed
price series. We build these alternative price paths in order to test the robustness of trading
indicators. In particular, we apply a distribution-agnostic scenario building model that does
not require a prior definition of the probability distribution of the return process. The scenario
building model empirically explored in this paper is an extension of that of Barone Adesi et al.
(1999), which they call filtered historical simulation. It combines the empirical distribution of
past returns and nonlinear econometric models to simulate possible future values of an asset
in the days ahead. From a statistical perspective it is a semi-parametric model. Using the
empirical distribution of past returns implies that the price series is not assumed to conform
any theoretical probability distribution. Our simulated prices are modeled such that memory
is present in the data; this is an important regularity when working with financial data as they
typically exhibit memory (i.e., economic cycles, reversal of financial flows, structural breaks,
bubbles bursting, etc.)
This paper is organized as follows: We start with a theoretical part, Section 2.2, in which we
1This paper should be cited as Thomann, A. (2018), “Is Trading Indicator Performance Robust? Evidence
from Scenario Building”. A modified version of this paper has been submitted to the Journal of Investment
Strategies.
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explain the scenario building process applied in this paper. In two subsections we provide details
of that process and explain the methodology used in this paper for simulating a single pathway
(Subection 2.2.1) and for simulating multiple pathways of asset prices and variances (Subection
2.2.2). Section 2.3 contains the empirical part of our paper. We start with a description of
our dataset used to test the trading indicators in this paper, continuing with a theoretical
explanation of how the respective trading indicator is calculated and with the empirical results of
our backtests, in Subections 2.3.3 and 2.3.4, respectively. We end our paper with the conclusions
of our findings, presented in Section 2.5.
2.2 Scenario Building Process
Filtered historical simulation has been developed to avoid the drawbacks accompanying under-
lying historical simulation—its reliance on a specific distribution as well as the fact that it does
not take into account empirical findings such as the existence of volatility clustering, fat tails,
and the leverage effect (see Mandelbrot (1963) and Black (1976)). Its usage of past return indi-
cates that the presented model originates from historical simulation. This historical return data
is used as innovations to model the behavior of asset prices. Compared to historical simulation,
its major enhancement is that the return is first adjusted by the volatility that was observed
at that day and—in a second step—is multiplied by the forecasted volatility. This adjustment
guarantees, that the past returns are stationary such that they are suitable innovations for the
simulation process (see for example Posedel (2005) for a derivation of stationarity). The rescal-
ing with volatility forecasts introduces the current market conditions to the past returns. The
process described here in few words is explained in more detail and in a more formal way below.
Summarizing the benefits of using the approach of Barone Adesi et al. (1999), the most
important point to emphasize is the fact that the data is not forced to originate from a theoretical,
pre-specified distribution. Fat tails, volatility clusters, and changing means are all peculiarities
that are allowed in this model—as it is based on the empirical distribution. We therefore
take most of the empirical volatility modeling findings into account when building our artificial
price and volatility paths. The model is able to handle dependencies across a very large set of
assets without estimating the correlation matrix, and therefore has interesting properties from a
computational perspective. It is possible to build scenarios in which simulated asset prices result
from large returns following other large returns. We interpret such a scenario as an extreme
scenario that might possibly not be included in the raw data as such. On the other hand, even
though we break up existing autocorrelation, this scenario building process allows the generation
of new trends that our trading strategies try to exploit. We see this as an additional advantage
compared to historical simulation as this also moderates the requirements with respect to our
dataset to include every possible scenario. To demonstrate how the scenario building process
works, we follow the example of Barone Adesi et al. (1999) and first explain the simulation of a
single pathway and afterwards of multiple pathways.
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2.2.1 Scenario Building for a Single Pathway
Simulating a single pathway for one asset is less complicated and therefore helps us to under-
stand the underlying methodology and how it is applied to data. The two most important
variables we have to specify in the scenario building process are the number of simulation runs
we want to perform (the number of artificial price paths we want to simulate) and the number
of days (or whatever data frequency we are using) we want to simulate prices into the future.
Fitting and estimating an asymmetric exponential GARCH (EGARCH) model forms residual
returns from the raw return data. By filtering these residual returns they turn independent
and identically distributed, and, thereby, become applicable for the scenario building process.
Our algorithm therefore also removes serial correlation and volatility clusters if the data con-
tains such structures. Barone Adesi et al. (1999) call their approach semi-parametric since it
combines non-parametric historical simulation together with the parametric GARCH model.
The standard model used in Barone Adesi et al. (1999) and demonstrated here as our baseline
model is the GARCH(1,1) model. Using their notation, with a moving average term, θ, and an
autoregressive term, µ, our estimates of the residuals, ǫt, and the variance, ht, are defined as
below.
The conditional mean equation can be written as follows:
rt = µrt−1 + θǫt−1 + ǫt ǫ ∼ N (0, ht). (2.1)
The conditional variance equation can be written as follows:
ht = ω + α(ǫt−1 − γ)
2 + βht−1. (2.2)
The GARCH equation (2.2) specifies the volatility of ǫt as a function of ω, a constant, a first
term demonstrating the contribution of the latest surprise, ǫt−1, and a second term reflecting
the contribution of the last period’s volatility, ht−1. α is a constant and determines the influence
of the most recent observation whereas the constant γ determines its asymmetry. We divide the
estimated residuals, ǫˆt, by the corresponding volatility estimate,
√
hˆt, to get a stationary i.i.d.
distribution, which is suitable for our simulation process,
e∗t =
ǫˆt√
hˆt
. (2.3)
If the GARCH model is correctly specified the set of standardized residuals, e∗t , are independent
and identically distributed and therefore suitable for historical simulation.2 This is in contrast to
empirical returns, which generally do not fulfill the i.i.d. assumption and therefore are unsuitable
for historical simulation.
Randomly drawn historical standardized residuals need to be scaled with the current volatil-
ity. Afterward, they can be used in the equations for the conditional mean (2.1) and variance
(2.2) to simulate future prices and variances. This random draw is better known as resampling
2We provide the empirical test results on the i.i.d. properties, where we use the test of Li and Mak (1994) on
the squared residual autocorrelations in nonlinear time series with conditional heteroscedasticity, upon request
and publish them in our online appendix.
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or bootstrapping, which is what filtered historical simulation essentially does. Randomly, we
pick standardized residual returns and use them to generate pathway of variances that them-
selves are used to build our alternative price path. The randomly drawn standardized residual
returns are stored as a vector, e∗, of outcomes from the dataset Θ.
e
∗ = {e∗1, e
∗
2, . . . , e
∗
T } where i = 1, . . . , T days. (2.4)
We use the first drawn standardized residual return and scale it using the deterministic volatility
forecast for the next day. The deterministic volatility for the next day is constructed as
ht+1 = ωˆ + αˆ(ǫt − γˆ)
2 + βˆht. (2.5)
The simulated innovation forecast is created by scaling the randomly drawn standardized resid-
ual, e∗t , with the volatility of period t+ 1, ht+1, from Equation (2.5).
z∗t+1 = e
∗
1
√
ht+1. (2.6)
This forecast is used to form the one-day-ahead asset price forecast, p∗t+1, using the asset price
at time t, pt:
p∗t+1 = pt + pt(µˆrt + θˆz
∗
t + z
∗
t+1). (2.7)
To forecast the volatility for subsequent days ahead we simulate them by recursively substituting
the scaled residuals into the variance equation (2.2). Therefore, our first randomly drawn stan-
dardized residual from Equation (2.3) enters into the one-day-ahead asset price forecast from
Equation (2.7), but is also used for the simulation of the two days ahead volatility forecast. The
two-days-ahead volatility is stochastic as it depends on the simulated return of the first day. To
simulate the two-days-ahead asset price we randomly pick another standardized residual and
scale it. The volatility three days ahead is generated using the previously drawn (second) scaled
residual and allows the scaling of the third randomly drawn residual et cetera up until we reach
the number of asset price simulations we want to achieve. The volatility simulation takes the
following general form:
h∗t+i = ωˆ + αˆ(z
∗
t+i−1 − γˆ)
2 + βˆh∗t+i−1 i ≥ 2. (2.8)
The process allows the sequential scaling of randomly drawn standardized residuals to build the
asset price pathway. Repeating this process allows us to form various pathways of asset prices.
We discuss the underlying methodology for doing so in the following section.
2.2.2 Scenario Building for Multiple Pathways
To simulate multiple pathways, we use the same approach as explained in the previous section.
One of the most important aspects when simulating multiple pathways for different assets is
how to model the correlation between the assets. In our scenario building process this is done
implicitly by randomly drawing a band of residuals as we use the same standardized residual
from the same observation for the price and volatility simulation of each asset. We therefore do
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not need to estimate the correlation matrix. In our multi-asset framework we randomly draw
a date from the dataset and pick its corresponding residual returns. These residual returns are
used to model the co-movements between the prices of our multi-asset dataset. For each asset
in our dataset we have the sampled residuals and denote them with subscripts 1, 2, 3, . . . , n for
the different assets.
Asset1 : e
∗
1 = {e
∗
1, e
∗
2, . . . , e
∗
T }1. (2.9)
Asset2 : e
∗
2 = {e
∗
1, e
∗
2, . . . , e
∗
T }2. (2.10)
Asset3 : e
∗
3 = {e
∗
1, e
∗
2, . . . , e
∗
T }3. (2.11)
As in the case for the single pathway, we draw a random date and the associated standardized
residuals at day i = 1, e∗1 and e
∗
2 are chosen. At day i = 2 another date is randomly drawn
together with its associated standardized residuals. This is repeated until we have reached our
specified number of daily asset price forecasts. For every asset, the variances, h, and asset
prices, p, are modeled such that they reflect the co-movements between each other. For every
day i = 1 to T we therefore have
Asset1 : h
∗
1,t+i = ωˆ1 + αˆ1(zˆ
∗
1,t+i−1 − γˆ)
2 + βˆ1h
∗
1,t+i−1. (2.12)
p∗1,t+i = p1,t+i−1 + p1,t+i−1(µˆ1r1,t+i−1 + θˆ1z
∗
1,t+i−1 + z
∗
1,t+i). (2.13)
Asset2 : h
∗
2,t+i = ωˆ2 + αˆ2(zˆ
∗
2,t+i−1 − γˆ)
2 + βˆ2h
∗
2,t+i−1. (2.14)
p∗2,t+i = p2,t+i−1 + p2,t+i−1(µˆ2r2,t+i−1 + θˆ2z
∗
2,t+i−1 + z
∗
2,t+i). (2.15)
Asset3 : h
∗
3,t+i = ωˆ3 + αˆ3(zˆ
∗
3,t+i−1 − γˆ)
2 + βˆ3h
∗
3,t+i−1. (2.16)
p∗3,t+i = p3,t+i−1 + p3,t+i−1(µˆ3r3,t+i−1 + θˆ3z
∗
3,t+i−1 + z
∗
3,t+i). (2.17)
2.3 Data & Empirical Results
In this section we present the empirical results of our analysis based on the MSCI World Index
with applications on five trading indicators, two of them in the main paper, three in the online
appendix. The empirical results for other assets will be generated upon request. The results
for the additionally tested assets are collected and documented in our online appendix, together
with the backtesting results of other trading indicators.
The simulations are based on the EGARCH(1,1) model; however, the model can be adjusted
to fit the data best and the fitting is based on information criteria. Our dataset contains
daily price observations from January 2005 to September 2016, which are collected using the
Bloomberg Terminal. We calculate the continuous returns of these daily price observations. Our
general approach when backtesting the trading strategies is to use either handbook solutions—
that is to say, use the calibration proposed when the indicator was originally published, or
well-know industry standards. The applied model calibrations generate statistically significant
Sharpe ratios when applied to the observed price series. In order to determine the robustness of
a trading strategy we apply the same calibration on our set of simulated prices and see how the
most important performance metrics behave. Particularly, we focus on outperformance in terms
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of Sharpe ratio, return, and maximum drawdown relative to the buy-and-hold strategy, but also
look at the statistical moments of each respective trading strategy. To not expose ourselves to
the data mining claims raised in Bailey et al. 2017; Harvey and Liu 2015; Harvey et al. 2016,
we do not optimize the parametrization of the tested trading strategies, however, sensitivity
analyses on other calibrations are also possible in this framework.
2.3.1 Simulated Prices
We first report the simulated price series resulting from our scenario building approach. Our
full model is based on 20,000 simulated price paths with 2,869 days ahead each—slightly more
than 11 years of simulated daily prices per simulated price path. This results in a total of 57.38
million simulated daily data points. In Figure 2.1 we plot a subsample of 50 and in Figure 2.2
a subsample of 2,000 simulated price paths in bluish colors. As described in the theoretical
argumentation above, the simulated prices are free to drift away from the observed price series.
There are outliers in our price simulations, which are essential for the description of all possible
scenarios generated by the statistical data used. To ease the reporting of our results we provide
our empirical results by means of charts—if reasonable—and try to avoid large tables. We use
the EGARCH(1,1) model for the baseline results reported in this paper, but our approach is
flexible to other calibrations or GARCH-type derivatives.
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Figure 2.1: This figure shows a subsample of 50 simulated price series in bluish colors, whereas the
observed price series is plotted in black.
Source: Based on observed data from the MSCI World Index.
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Figure 2.2: This figure shows a subsample of 2,000 simulated price series in bluish colors, whereas the
observed price series is plotted in black.
Source: Based on observed data from the MSCI World Index.
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2.3.2 Performance Evaluation Methodology
In this section we explain the most important performance metrics used to analyze the perfor-
mance of our chosen trading strategies. In addition to the excess return, (ER), of each trading
strategy, to cover the risk aspect we report the maximum drawdown statistics, (MDD); in the
Sharpe ratio (SR) we choose a risk-return metric. On top of these metrics, we also look at
statistical moments to see how active trading decisions influence the return distribution.
2.3.2.1 Excess Return
Excess or active return is the part of return that is due to active investment management deci-
sions. To calculate the metric we take the annualized return generated by our active, indicator-
based strategy minus the benchmark’s annualized return.
ERk = µk − µBH . (2.18)
2.3.2.2 Maximum Drawdown
Maximum drawdown is defined as the largest drop from peak to trough over a certain period
of time, [0, T ]. Mathematically speaking, if vt(x) is the net asset value of a trading strategy
at time t, the drawdown function at time t is defined as the difference between the maximum
of this function and the value of this function at time t. From the drawdown function, the
maximum drawdown can be determined by choosing its maximum value over the entire time
interval, [0, T ].
Formally, the maximum drawdown of strategy k is defined as
MDDk = max
0≤t≤T
(
max0≤τ≤t[vτ (x)]− vt(x)
max0≤τ≤t[vτ (x)]
)
· (−1) . (2.19)
2.3.2.3 Sharpe Ratio
The Sharpe ratio is defined as strategy k’s mean of excess returns over the risk-free asset, µˆk,
divided by its standard deviation, σˆk. Formally, the Sharpe ratio for strategy k is defined as
ŜRk =
µˆk
σˆk
. (2.20)
2.3.2.4 Statistical Moments
Our analysis of statistical moments is focused on how the active trading strategies influence
the return distribution. Skewness—the third moment of a statistical distribution—measures the
asymmetry of a distribution around its mean, where an asymmetric tail toward positive values
results in a positive skewness. Investors typically seek positively skewed return distributions or
at least look for less negatively skewed return distributions relative to alternative investment
opportunities. Formally, skewness is defined as
Skewness =
1
n
·
n∑
i=1
(
ri − r¯
σP
)3
, (2.21)
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where n is the number of returns, r¯ is the mean of the return distribution, and σP is its standard
deviation.
The fourth moment, Kurtosis, measures to what degree a distribution is more or less peaked
than a normal distribution, where a peaked distribution results in a positive kurtosis. From an
investment management perspective, positive kurtosis implies fat tails at the extreme ends of the
distribution curve. High kurtosis typically yields overestimation of the probability of achieving
the mean return. Formally, kurtosis is defined as
Kurtosis =
1
n
·
n∑
i=1
(
ri − r¯
σP
)4
, (2.22)
where n is the number of returns, r¯ is the mean of the return distribution, and σP is its standard
deviation.
2.3.3 Williams %R
The indicator value typically oscillates between 0% and 100%, where 100% implies that the last
close price is equal to the high of the range and an indicator value of 0% means that the closing
price is equal to the low of the range. The usual application of the Williams %R indicator is
with overbought and oversold conditions. Typically, an indicator value of 80% represents the
overbought area and if the indicator value is 20%, the underlying security is considered oversold.
To calculate the Williams %R indicator we have to deduct the current closing price from the
highest price of a specified lookback period. This value has then to be divided by the difference
between the highest and the lowest price in our lookback period.
Williams %RT =
max {Pt, . . . , PT } − Cl(PT )
max {Pt, . . . , PT } −min {Pt, . . . , PT }
· (−1) . (2.23)
Formally the trading strategy can be formulated as follows:
Long : Williams %RT ≤ x%, (2.24)
Short : Williams %RT ≥ y%, (2.25)
0 ≤ x ≤ y ≤ 100.
Empirical Results
In our empirical analysis of Williams %R we define 80% as overbought, y%, and 20% as oversold
territory, x%. A change in signal is created as soon as the indicator reaches one of these
thresholds. The specified lookback period for our empirical testing is 12 days. Therefore our
trading strategy can be translated to
Long : Williams %R12 ≤ 20%, (2.26)
Short : Williams %R12 ≥ 80%. (2.27)
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Distribution of Returns, Maximum Drawdowns, and Sharpe Ratios
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Figure 2.3: This figure shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the Williams %R trading indicator on its robustness by applying it on 20,000 simulated
price paths. We use a lookback period of 12 days and use 80% as the upper and 20% as the lower signal
threshold, respectively. Excess return, as defined in Equation 2.18, is ERk = µk − µBH . We subtract
µBH from µk to get the amount by which the active strategy, k, was able to increase the return relative
to the passive strategy, BH.
Figure 2.3 reports that investing according to the trading signal resulting from the Williams
%R indicator—as defined in Equations 2.26 and 2.27—we are able to generate a higher return
than by passively holding the asset in almost 95% of our cases. In other words, excess return is
negative in slightly more than 5% of our backtests. This is a very strong result and therefore
supports the use of Williams %R as a trading indicator. Additionally, figure 2.3 shows that
most excess returns are larger than 0% and smaller than 20%, with a peak in the distribution
at 5–10% excess return. There are some excess returns on the right end of the distribution that
influence the statistical moments of the distribution—an issue we will address later. However,
these extreme results are not desirable as it is highly likely that they are only down to luck.
Overall, the generated excess returns look desirable. However, we are not seeking higher returns
at the cost of higher drawdowns or higher volatility. So the next paragraphs focus on the risk side
of this trading strategy by comparing the maximum drawdown of our active strategy relative to
that of the buy-and-hold strategy.
The Williams %R also delivers satisfying results for our second performance metric, maximum
drawdown. While a small part of our backtests are not able to reduce the maximum drawdown
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Figure 2.4: This figure shows the maximum drawdown reduction for our empirical backtests based on
the MSCI World Index.
Note: We test the Williams %R trading indicator on its robustness by applying it on 20,000 sim-
ulated price paths. We use a lookback period of 12 days and use 80% as the upper and 20%
as the lower signal threshold, respectively. Maximum drawdown, as defined in Equation 2.19, is
MDDk = max0≤t≤T (max0≤τ≤t[vt(x)]− vt(x)). We subtract MDDk from MDDBH to get the amount
by which the active strategy, k, was able to reduce the maximum drawdown relative to the passive
strategy, BH.
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relative to the buy-and-hold strategy, the largest part do. Remarkable is the fact that the peak
in this histogram is in the range of a maximum drawdown reduction of 15–20%, with symmetric
distribution in the bins of 10–15 and 20–25%. Therefore, the performance in terms of maximum
drawdown reduction is rather stable. As we also observed in the excess return analysis, we have
outliers in the right tail, with strikingly good drawdown reduction results.
Excess Sharpe Ratios
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Figure 2.5: This figure shows the excess Sharpe ratios for our empirical backtests based on the MSCI
World Index.
Note: We test the Williams %R trading indicator on its robustness by applying it on 20,000 simulated
price paths. We use a lookback period of 12 days and use 80% as the upper and 20% as the lower signal
threshold, respectively. The Sharpe ratio, as defined in Equation 2.20, is ŜRk =
µˆk
σˆk
. We subtract ŜRBH
from ŜRk to get the amount by which the active strategy, k, delivers an improved Sharpe ratio relative
to the passive strategy, BH.
In terms of excess Sharpe ratio, most observations are positive, therefore outperforming the buy-
and-hold strategy. The bin with the highest relative frequency shows an improvement in terms
of the Sharpe ratio of between 0.6 and 0.8. Also, we report relatively evenly distributed results
with similar outliers in both tails. It is important to note, however, that the distribution is not
centered around 0 but, as mentioned earlier, rather around 0.7. Summarizing these three results,
the Williams %R delivers satisfying and robust results across the first three performance metrics:
excess return, maximum drawdown (reduction), and excess Sharpe ratio. We now continue
with the analysis of statistical moments to determine how the trading strategy influences the
distribution of returns. Figure 2.6, below, shows the distribution of skewness across all tested
price paths. In the first column, labeled WPR, we see the summary information for the active
strategy, whereas the second column, labeled BH, shows it for the passive buy-and-hold strategy.
Clearly, following the active trading strategy improves the skewness of the return distribution
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relative to the benchmark strategy, resulting in a more positively skewed distribution and,
thereby, in more positive values. As reported in row seven of Figure 2.6, the skewness of our
active strategy is larger than that of the passive buy-and-hold strategy in more than 95% of all
backtested cases.
Skewness WPR BH
Min. : -7.057997 -13.60131
1st Qu.: -0.133179 -0.87940
Median : 0.054186 -0.61466
Mean : 0.128942 -0.73680
3rd Qu.: 0.282069 -0.43446
Max. 11.163594 1.16424
S(WPR) > S(BH): 95.765%
Figure 2.6: This figure shows the skewness information for the asset MSCI World Index.
Note: The tested indicator is Williams %R, WPR; the tested time period ranges from January 2005 to
September 2016. Column BH reports the results for the buy-and-hold strategy.
Looking at the fourth moment of the return distribution, as reported in Figure 2.7, we see
that the kurtosis of our active strategy has only slightly changed relative to the buy-and-hold
strategy. In row seven we—again—report how often the kurtosis of our active strategy, WPR, is
larger than that of the buy-and-hold strategy, BH—in 44% of all cases. This result is desirable
as we do not necessarily want to introduce fat tails. Overall, we can state that following the
Williams %R trading strategy improves the performance metrics mentioned in Subsection 2.3.2
relative to the passive buy-and-hold strategy. The reported results show the necessary robustness
and, therefore, support the use of this indicator in our backtests.
Kurtosis WPR BH
Min. : 1.3465 1.3505
1st Qu.: 4.4743 4.4888
Median : 6.1950 6.2001
Mean : 8.6268 8.6394
3rd Qu.: 9.2461 9.2430
Max. : 388.0478 388.7687
K(WPR) > K(BH): 44.218%
Figure 2.7: This figure shows the kurtosis information for the asset MSCI World Index.
Note: The tested indicator is Williams %R, WPR; the tested time period ranges from January 2005 to
September 2016. Column BH reports the results for the buy-and-hold strategy.
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2.3.4 Moving Average Cross
The moving average cross is a trend-following trading strategy that has the purpose of identifying
the begin of a new or the end of an existing trend. Looking at a moving average plot is similar
to using trendlines in technical analysis. As the strategy is a trend-follower, the moving average
strategy always has a lagging signal. As the second word of the strategy’s name suggests, the
moving average cross uses an average of a specific data range. This average price—as the name
again implies—moves. In other words, as soon as we have a new observed closing price in our
data, we add this to the average calculation and drop the first observation used in the previous
average calculation. Therefore, a moving average can be formulated as
MAk1 =
0∑
v=−k1+1
Pt+v
k1
, (2.28)
where k1 = moving average period.
The shorter the moving average period chosen, the closer the filtered series follows the price
series. Additionally, a shorter moving average period implies a reduced time lag until the
signal is generated. On the other hand, shorter moving average periods are more sensitive
to price movements. As the strategy averages the information contained in the price, it has
properties comparable to those of econometric filters used in economics and finance (see for
example Pedersen 2010) and is therefore used as a smoothing device to filter noise from the
data. Formally, the logic of how signals are generated can be stated as follows:
Long :
0∑
v=−k1+1
Pt+v
k1
>
0∑
v=−k2+1
Pt+v
k2
, (2.29)
(2.30)
where k1,2 = moving average periods with 0 < k1 < k2.
Empirical Results
In our empirical analysis of the moving average cross strategy we use a short-term oriented
trend calibration with a short moving average of five days and a slow moving average of 30
days. For both moving average calculations we use the simple moving average, where each price
observation has the same weight.3 We formally summarize our empirically explored moving
average strategy as follows:
MA5 =
0∑
v=−5+1
Pt+v
5
, (2.31)
MA30 =
0∑
v=−30+1
Pt+v
30
, (2.32)
3The use of exponential (EMA), triangular (TriMA), or volume-weighted (VWAP) moving averages could
alternatively be considered.
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Long : MA5 > MA30. (2.33)
(2.34)
Distribution of Returns, Maximum Drawdowns, and Sharpe Ratios
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Figure 2.8: This figure shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the moving average cross trading strategy on its robustness by applying it on 20,000
simulated price paths. We use a fast moving average of 5 days and a slow moving average of 30 days.
Excess return, as defined in Equation 2.18 is ERk = µk − µBH . We subtract µBH from µk to get the
amount by which the active strategy, k, was able to increase the return relative to the passive strategy,
BH.
The main observation from Figure 2.8 is that excess returns are centered around -5% and +10%
with a peak in distribution in the 0–5% bin at a relative frequency of more than 30%, followed by
the -5–0% bin. This gives a first indication about the performance of the moving average cross,
as the probabilities of improving or worsening, respectively, the return by 5% are each more
than 30%. What stands out in a positive way is the fact that the total number of positive bins
is larger than the number of negative ones. However, we also observe that many excess return
figures are in the right tail with a very low number of observations—which indicates that these
results are not too stable. Therefore, in terms of generating excess returns the results are not
very promising. Moving to the risk analysis of our backtests, Figure 2.9 shows how the moving
average cross strategy is able to reduce the maximum drawdown relative to the buy-and-hold
66 Is Trading Indicator Performance Robust? Evidence from Scenario Building
strategy. These results look very appealing, with a peak in distribution in the bins of 10–20% and
20–30%. While this distribution is, therefore, centered around a maximum drawdown reduction
of ∼20%, there are close to 5% of observations that lead to a higher maximum drawdown than
experienced by following the passive buy-and-hold strategy. On the other hand, the majority
of observations show a reduction in maximum drawdown with very few outliers in the right
tail—the number of observed outliers is similar in both tails, while the excess return figures in
the right tail are almost double in magnitude.
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Figure 2.9: This figure shows the maximum drawdown reduction for our empirical backtests based on
the MSCI World Index.
Note: We test the moving average cross trading strategy on its robustness by applying it on 20,000
simulated price paths. We use a fast moving average of 5 days and a slow moving average of 30 days.
Maximum drawdown, as defined in Equation 2.19, is MDDk = max0≤t≤T (max0≤τ≤t[vt(x)]− vt(x)). We
subtract MDDk from MDDBH to get the amount by which the active strategy, k, was able to reduce the
maximum drawdown relative to the passive strategy, BH.
Figure 2.10 plots the histogram of excess Sharpe ratios, which is almost perfectly symmet-
rical. The peak of the distribution is located in the bin of Sharpe ratio improvement of 0.0–0.2,
followed by that of 0.2–0.4. As the Sharpe ratio is dependent of the (excess) return, these
mediocre results are not surprising. On the positive side, we can summarize that the cumulative
relative frequency for excess Sharpe ratios is larger than for decreased Sharpe ratios—relative
to the passive buy-and-hold strategy. While the majority of observations in this histogram show
small but positive values, we can summarize that the strategy generates economically meaningful
but statistically insignificantly different results.
While Figure 2.11 shows a less negative minimum and more positive maximum skewness for
the active strategy, MAC, relative to the benchmark, BH, overall the strategy fails to improve
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Figure 2.10: This figure shows the excess Sharpe ratios for our empirical backtests based on the MSCI
World Index.
Note: We test the moving average cross trading strategy on its robustness by applying it on 20,000
simulated price paths. We use a fast moving average of 5 days and a slow moving average of 30 days.
Sharpe ratio, as defined in Equation 2.20, is ŜRk =
µˆk
σˆk
. We subtract ŜRBH from ŜRk to get the amount
by which the active strategy, k, delivers an improved Sharpe ratio relative to the passive strategy, BH.
Skewness MAC BH
Min. : -9.48535 -13.60131
1st Qu.: -0.97131 -0.87940
Median : -0.66782 -0.61466
Mean : -0.74938 -0.73680
3rd Qu.: -0.42126 -0.43446
Max. : 1.89783 1.16424
S(MAC) > S(BH): 44.603%
Figure 2.11: This figure shows the skewness information for the asset MSCI World Index.
Note: The tested indicator is the moving average cross, MAC ; the tested time period ranges from January
2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
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the skewness. As the outliers in the right tail of Figure 2.8 have already indicated, we also
report a higher maximum skewness in MAC than in BH. Row seven reports how often the
skewness of our active strategy was larger than that of the benchmark strategy. Again, this
figure is not promising in terms of robustness and performance improvement, as only 44% of all
tested strategies have a higher Sharpe ratio than the underlying asset. Strikingly, Figure 2.12
shows that in almost 80% of our backtests the kurtosis of our active strategy is larger than that
of its passive counterpart—therefore introducing fatter tails in the return distribution. Apart
from the largest kurtosis in all backtests (row six, Max.), all summary information shows larger
kurtosis for the active strategies, which leads to the aforementioned ∼80%. Overall, the moving
average cross strategy does not provide robust results across our backtests. While the results in
terms of maximum drawdown reduction and excess Sharpe ratios are satisfying and economically
meaningful, the strategy fails to convince in terms of skewness and kurtosis.
Kurtosis MAC BH
Min. : 3.1523 1.3505
1st Qu.: 7.3355 4.4888
Median : 9.2310 6.2001
Mean : 11.1830 8.6394
3rd Qu.: 12.2976 9.2430
Max. : 245.5674 388.7687
K(MAC) > K(BH): 79.286%
Figure 2.12: This figure shows the kurtosis information for the asset MSCI World Index.
Note: The tested indicator is the moving average cross, MAC ; the tested time period ranges from January
2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
2.4 Additional Results
As mentioned in the introduction to the empirical results in Section 2.3, we do not provide a
sensitivity analysis on the tested calibration, as we do not want to expose ourselves to the data
mining claims raised in Bailey et al. 2017; Harvey and Liu 2015; Harvey et al. 2016. Instead,
we test the calibrations proposed when the indicator was originally published, or well-known
industry standards. In addition to the two reported trading indicators in the main paper, we
test three additional indicators, namely: the relative strength index (RSI), the Chande momen-
tum oscillator (CMO), and the commodity channel index (CMO). The RSI shows interesting
properties in terms of risk-reduction, when we compare the indicator’s outperformance versus
the buy-and-hold strategy in terms of maximum drawdown. On the other hand, from a re-
turn oriented perspective, the indicator is not convincing. The Chande momentum oscillator
shows poor properties in all reported performance metrics. Especially the inability to generate
positive excess returns versus the passive benchmark strategy is disappointing. This finding is
also reflected in the poor performance in terms of generating excess Sharpe ratio. As is true
for the relative strength index, the CMO performs strongly form a risk perspective. The most
convincing tested indicator is the commodity channel index, which shows robust and positive
excess returns with heavy right tails. While the maximum drawdown figures also show relatively
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stable outperformance versus the benchmark strategy, the excess return is also reflected in excess
Sharpe ratio, which has only around 10% of negative observations. On top, the distribution of
excess Sharpe ratio for CCI is clustered around 0.4–0.8 with a relative frequency of around 15%
for each bar.
2.5 Conclusion
In this paper we simulate alternative price paths based on the observed, empirical distribution
of past returns. This allows us to circumvent the problem of pre-specifying a distribution
function that our simulated returns have to follow. Our scenario building model is able to
generate artificial price paths for a specific asset or multiple assets, which then can be used to
test trading strategies on their robustness. Using our scenario building approach, we generate
20,000 simulated price paths, each of them consisting of 2,869 days, therefore totaling 57.38
million simulated daily data points. Typically, trading strategies are tested on robustness using
one of two approaches. Pro forma out-of-sample tests are applied, using a part of the sample to
fit the strategy and another part of the sample, which was kept outside of the fitting process,
to verify the strategy. Alternatively, price series of other assets are used. This, however, can
yield the strategy’s developer rejecting a reasonable trading strategy since it does not perform
equally well on both assets.
With this paper, we provide a framework with which to backtest trading strategies and show
an application using the technical trading rules Williams %R and the moving average cross.
Keeping the strategy configuration identical for every backtest, we find that the Williams %R
indicator is able to deliver mostly positive and stable excess returns and Sharpe ratios for
almost every scenario. In terms of risk, the strategy has a sound distribution of maximum
drawdown reduction, with heavy right tails. The statistical moments of the return distribution
reported for the Williams %R strategy are also favorable: While it drastically reduces the
minimum skewness across the backtesting sample, the mean and median skewness are increased,
implying higher average returns. The results for kurtosis show that Williams %R does slightly
change the distribution relative to the underlying’s asset returns; it does not, however, badly
influenced it—especially in combination with the increased skewness. The moving average cross
strategy, on the other hand, fails to constantly deliver positive excess returns, with most excess
return observations around ±5%. It does, however, deliver surprisingly good and stable results
in terms of maximum drawdown reduction. The unsatisfying excess return results are also
partly reflected in the excess Sharpe ratio results; they are economically meaningful but the
improvement in terms of Sharpe ratio are quite small. While the moving average cross strategy
reduces the lowest observed skewness reported relative to the buy-and-hold strategy, it is not
able to significantly improve the mean and median skewness figures. Also, the strategy impacts
the fourth moment strongly, increasing the kurtosis of the return distribution in 80% of all
backtests. The combination of these findings for the moving average cross strategy are not fully
satisfying and do not provide evidence of stable performance.
Concluding, this paper provides quantitative developers a backtesting environment in which
to put their trading strategies to the test and to see how robust their strategies and chosen
parametrizations are. As the presented scenario building process can be used to simulate multiple
70 Is Trading Indicator Performance Robust? Evidence from Scenario Building
assets from different asset classes, there are almost no limits with respect to which trading
strategies are testable. To name but a few, trading strategies ranging from technical analysis,
through cross-sectional momentum strategies based on multiple assets—such as described in
Jegadeesh and Titman (1993)—to pair-trading approaches can be tested on their performance
robustness within this framework. From a computational perspective, the parallel bootstrapping
process implicitly handles the cross dependencies among the data series. Our simulation process
therefore reduces the complexity of the task enormously as the number of parameters and the
time needed to execute the computation increase only linearly with the number of assets that
are handled (see Barone Adesi et al. (1999)). This is different to approaches that model cross
dependencies based on estimates of the variance–covariance matrix, where the dimension of the
problem increases quadratically with the number of assets.
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B Appendix: Chapter 2
B.1 Additional Trading Indicators
This appendix reports backtesting results for additional trading indicators, namely:
1. Relative Strength Index (RSI)
2. Chande Momentum Oscillator (CMO)
3. Commodity Channel Index (CCI)
B.1.1 Relative Strength Index
As a momentum oscillator, the relative strength index, RSI, expresses the change and speed of
price movements by calculating the ratio between the recent upward price movements and the
absolute price movement. To calculate the oscillator, we first need to specify a lookback period,
n—following Wilder (1978), we set it to 14 days. As already stated in the main paper, shorter
lookback periods result in more sensitive oscillators. Traditionally, the indicator oscillates in the
range between zero and 100. Typically, the relative strength indicator is used with oversold and
overbought conditions—that is to say, one shorts an asset once it is in the overbought area and
one buys an asset once it is in the oversold area.
The formula for calculating the RSI is defined in Wilder (1978) as
RSIn = 100−
(
100
1 + RS
)
, (B.1)
where RS =
N∑
n=1
U
n
N∑
n=1
D
n
, (B.2)
with U = (Pt − Pt−1) for Pt > Pt−1 (B.3)
and D = (Pt−1 − Pt) for Pt < Pt−1. (B.4)
Formally the trading strategy can be formulated as follows:
Long : RSIn ≤ x, (B.5)
Short : RSIn ≥ y,
with 0 ≤ x ≤ y ≤ 100.
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Empirical Results
Our empirical analysis of the relative strength index is based on a lookback period of 14 days.
Over this period, we smooth the oscillator using an equally weighted, simple moving average.
A long signal is generated once the indicator reaches a value, x, of 30. The upper threshold,
y, is 70, which triggers a short position in our trading strategy. We formally summarize our
empirically explored relative strength index strategy as follows:
Long : RSI14 ≤ 30, (B.6)
Short : RSI14 ≥ 70. (B.7)
Distribution of Returns, Maximum Drawdowns, and Sharpe Ratios
Figure B.1 shows the excess return for the relative strength index, RSI. With over 70% of
all returns, the largest part of the distribution is in the negative territory, with a peak of
the distribution between -5–0%. Disappointingly, also the second largest relative frequency is
negative, from -5–10%. Only slightly more than 20% of all the reported excess returns are in the
positive territory of the return distribution. Also, we detect observations far out in the tails of the
excess return distribution. Overall, these results do not support a positive, robust performance
in terms of excess return. The maximum drawdown reduction in Figure B.2 looks much more
promising with a largest number of observations in terms of maximum drawdown reduction
observed in the distribution peak between 0–10%. While the two bins with the highest relative
frequency are reductions of maximum drawdowns in the range of 0–20%. Also, we have almost
symmetric bins on the left and right side of the bin with the largest number of observations in
the -10–0% bin on the left and the 10–20% bin on the right—both with a relative frequency of
around 20%. Again, we have some observations in the tails, but the majority of returns can be
described with the above mentioned bins. The poor excess return properties reported above and
displayed in Figure B.1, are also represented in Figure B.3, which shows the generated excess
Sharpe ratio. As the excess return is an input factor of excess Sharpe ratio calculations, these
figures are also disappointing. Almost 90% of all observations are negative, meaning that only
10% of all backtested strategies outperform the buy-and-hold strategy in terms of Sharpe ratio.
Additionally, the ∼10% that are able to generate a higher Sharpe ratio than the buy-and-hold
strategy, do this on a very low level. Looking at the statistical moments of the distribution,
we see in Figure B.4 how the active strategy influences the skewness of the return distribution.
Clearly, the relative strength index does not improve the skewness relative to its benchmark
strategy, BH. While the largest skewness is detected in an RSI-based strategy, overall, only
33% of all RSI-based strategies experience a higher skewness than their passive counterpart.
On the other hand, following the signals generated by the relative strength index increases the
kurtosis significantly, as reported in Figure B.5. Hence, 99.96% of all backtested RSI-strategies
experience higher kurtosis than observed in the passive buy-and-hold strategy. Summarizing
our findings, we can state, that the relative strength index is not able to generate robust return-
related performances. From a risk-based perspective, the RSI shows promising results, reducing
the maximum drawdown figures significantly for a large number of observations. Nonetheless—
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overall—the strategy fails to fully convince in terms of the other reported performance metrics.
As a side-note, we have to mention, that the relative strength index is usually not used as a
standalone trading indicator but rather in combination with other trend indicators, as markets
can technically be overbought or -sold for a long time.
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Figure B.1: This chart shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the relative strength index on its robustness by applying it on 20,000 simulated price paths.
We use a lookback period of 20 days and use 70% as the upper and 30% as the lower signal threshold,
respectively. Excess return, as defined in Equation 2.18, is ERk = µk − µBH . We subtract µBH from µk
to get the amount by which the active strategy, k, was able to increase the return relative to the passive
strategy, BH.
74 Appendix: Chapter 2
Max. Drawdown Reduction (%)
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Figure B.2: This chart shows the maximum drawdown reduction for our empirical backtests based on
the MSCI World Index.
Note: We test the relative strength index on its robustness by applying it on 20,000 simulated
price paths. We use a lookback period of 20 days and use 70% as the upper and 30% as the
lower signal threshold, respectively. Maximum drawdown, as defined in Equation 2.19, is MDDk =
max0≤t≤T (max0≤τ≤t[vt(x)]− vt(x)). We subtract MDDk from MDDBH to get the amount by which the
active strategy, k, was able to reduce the maximum drawdown relative to the passive strategy, BH.
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Excess Sharpe Ratios
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Figure B.3: This chart shows the excess Sharpe ratio for our empirical backtests based on the MSCI
World Index.
Note: We test the relative strength index on its robustness by applying it on 20,000 simulated price
paths. We use a lookback period of 20 days and use 70% as the upper and 30% as the lower signal
threshold, respectively. The Sharpe ratio, as defined in Equation 2.20, is ŜRk =
µˆk
σˆk
. We subtract ŜRBH
from ŜRk to get the amount by which the active strategy, k, delivers an improved Sharpe ratio relative
to the passive strategy, BH.
Skewness RSI BH
Min. : -24.90720 -13.60131
1st Qu.: -2.24289 -0.87940
Median : -1.14354 -0.61466
Mean : -1.39527 -0.73680
3rd Qu.: -0.22568 -0.43446
Max. : 9.21977 1.16424
S(RSI) > S(BH): 33.108%
Figure B.4: This figure shows the skewness information for the asset MSCI World Index.
Note: The tested indicator is the relative strength index, RSI; the tested time period ranges from January
2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
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Kurtosis RSI BH
Min. : 14.507 1.3505
1st Qu.: 33.584 4.4888
Median : 43.703 6.2001
Mean : 55.003 8.6394
3rd Qu.: 61.079 9.2430
Max. : 1017.929 388.7687
K(RSI) > K(BH): 99.955%
Figure B.5: This figure shows the kurtosis information for the asset MSCI World Index.
Note: The tested indicator is the relative strength index, RSI; the tested time period ranges from January
2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
Chapter B 77
B.1.2 Chande Momentum Oscillator
Published in Chande and Kroll (1994), the Chande momentum oscillator, CMO, is similar to
the RSI we presented in Section B.1.1. To explain the differences, we start with the formal
definition of the indicator, before cross-comparing it with the RSI.
CMOn = 100×
∑N
n=1 U −
∑N
n=1D∑N
n=1 U +
∑N
n=1D
, (B.8)
with U and D as defined above in Equations B.3, and B.4, respectively.
The Chande momentum oscillator is therefore different from the relative strength index as we
divide the total movement by the net movement, whereas for the relative strength index we
divide the upward movement by the net movement.
Formally, the trading strategy can be formulated as follows
Long : CMOn ≤ x, (B.9)
Short : CMOn ≥ y,
−100 ≤ x ≤ y ≤ 100.
Unlike for the RSI, the calculations for the CMO are based on unsmoothed data—meaning
major short-term movements are visible and not concealed. As a consequence, the indicator
reaches overbought and oversold conditions faster and more often. The indicator value oscillates
in the range of ±100 with value of zero representing the neutral level between periods of either
positive or negative momentum.
Empirical Results
We calculate the Chande momentum oscillator based on a lookback period of 12 days. As
mentioned above, in contrast to the RSI, the CMO series is not smoothed, resulting in less
smooth signal function. A long signal is generated once the indicator reaches a value, x, of -50.
The upper threshold, y, is 50, which triggers a short position in our trading system. We formally
summarize our empirically explored moving average strategy as follows
Long : CMO12 ≤ −50, (B.10)
Short : CMO12 ≥ 50. (B.11)
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Distribution of Returns, Maximum Drawdowns, and Sharpe Ratios
The excess return distribution resulting from the Chande momentum oscillator plotted in Figure
B.6 shows a nearly symmetric distribution. Unfortunately, the distribution is centered around
-5%, with the highest relative frequency between -5–0%. The second most often observed excess
returns fall in the range of -10–-5%. With both bins individually counting for more than 30% of
the relative frequency, we have an additional bin of -15–-10% with a relative frequency of almost
15%, and a smaller bin from -20–-15% with a frequency of less than 5%. On the positive side of
excess returns, we have the 0–5% bin with a relative frequency of slightly more than 15%, and a
bin of 5–10% with a frequency of 5%. Clearly, these results are not satisfying in terms of excess
return generation, as the benchmark strategy performs better in almost 80% of all backtests
run. From a drawdown perspective, our backtesting results look much better, as reported in
Figure B.7. Considerably more than 60% of the relative frequency are positive values, implying a
reduced maximum drawdown relative to the buy-and-hold strategy, with the highest number of
observation in the bin with a maximum drawdown reduction of 0–10%, followed by a reduction of
10–20%. However, more than 15% fall in the -5–0% bin, which detracts slightly. Overall, we can
say that the Chande momentum oscillator does a fairly good job in reducing the experienced
maximum drawdowns. What holds true for every tested indicator that reports bad result in
terms of excess return is also true for the Chande momentum oscillator: it is reflected in the
excess Sharpe ratios. Remarkably, only ∼10% of the reported excess Sharpe ratios are positive.
Figure B.9 also reflects the adverse effects this trading strategy has on the distribution of the
return distribution, as the skewness is much more negative, i.e. having more observations in the
left tail of the distribution. Across all tested series, only one third of all strategies generate a
skewness which is larger than the benchmark’s skewness. Interpreting the results of the fourth
moment of the return distribution speaks also clearly against the Chande momentum indicator,
as the kurtosis is larger than the kurtosis of the benchmark strategy in more than 99% of the
tested cases, as reported in Figure B.10. Therefore, the combination of higher kurtosis and more
observations in the left tail of the distribution—fat tails—is not desirable. Overall, this strategy
does not deliver promising results in terms of performance robustness and properties.
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Figure B.6: This chart shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the Chande momentum oscillator on its robustness by applying it on 20,000 simulated
price paths. We use a lookback period of 12 days and use 50 as the upper and -50 as the lower signal
threshold, respectively. Excess return, as defined in Equation 2.18, is ERk = µk − µBH . We subtract
µBH from µk to get the amount by which the active strategy, k, was able to increase the return relative
to the passive strategy, BH.
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Figure B.7: This chart shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the Chande momentum oscillator on its robustness by applying it on 20,000 simu-
lated price paths. We use a lookback period of 12 days and use 50 as the upper and -50 as the
lower signal threshold, respectively. Maximum drawdown, as defined in Equation 2.19, is MDDk =
max0≤t≤T (max0≤τ≤t[vt(x)]− vt(x)). We subtract MDDk from MDDBH to get the amount by which the
active strategy, k, was able to reduce the maximum drawdown relative to the passive strategy, BH.
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Figure B.8: This chart shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the Chande momentum oscillator on its robustness by applying it on 20,000 simulated
price paths. We use a lookback period of 12 days and use 50 as the upper and -50 as the lower signal
threshold, respectively. The Sharpe ratio, as defined in Equation 2.20, is ŜRk =
µˆk
σˆk
. We subtract ŜRBH
from ŜRk to get the amount by which the active strategy, k, delivers an improved Sharpe ratio relative
to the passive strategy, BH.
Skewness CMO BH
Min. : -29.34107 -13.60131
1st Qu.: -2.10567 -0.87940
Median : -1.07458 -0.61466
Mean : -1.34714 -0.73680
3rd Qu.: -0.22834 -0.43446
Max. : 8.73613 1.16424
S(CMO) > S(BH): 34.228%
Figure B.9: This figure shows the skewness information for the asset MSCI World Index.
Note: The tested indicator is the Chande momentum oscillator, CMO; the tested time period ranges
from January 2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
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Kurtosis CMO BH
Min. : 14.474 1.3505
1st Qu.: 30.022 4.4888
Median : 39.040 6.2001
Mean : 50.661 8.6394
3rd Qu.: 55.676 9.2430
Max. : 1321.029 388.7687
K(CMO) > K(BH): 99.865%
Figure B.10: This figure shows the kurtosis information for the asset MSCI World Index.
Note: The tested indicator is the Chande momentum oscillator, CMO; the tested time period ranges
from January 2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
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B.1.3 Commodity Channel Index
The commodity channel index, CCI, intends to identify when trends start or end. It relates
today’s price to the average price over k1 periods. As for the other indicators presented above,
the CCI can be used to identify oversold and overbought conditions.
CCIk =
(Pt −
∑0
v=−k1+1
Pt+v
k1
)
c×MAD
, (B.12)
where k1 = moving average period,
c = is a scaling constant, and
MAD = mean absolute deviation.
In his original paper, Lambert (1980) set the scaling constant, c, at 1.5% as to assure that
approximately 75% of the values fall into the range of ±100, which is defined as “trendless”
range in Lambert (1980). The most basic implementation of the commodity channel index is—
in analogy to the oscillators presented above—go long if the indicator value rises above 100 and
go short when it falls below -100.
The empirically explored example is based on a lookback period of 20 days. This lookback
period, n, of 20 days is also used for the moving average and mean deviation.
Formally the trading strategy can be formulated as follows
Long : CCIk ≥ y%, (B.13)
Short : CCIk ≤ x%,
Empirical Results
We calculate the commodity channel index based on a lookback period of 20 days. As for
the RSI, we apply an equally weighted smoothing filter on the signal series. A long signal is
generated once the indicator reaches a value, x, of -100. The upper threshold, y, is 100 and
triggers a short position in our trading strategy. The constant is set to 0.015, as defined in the
original paper. We formally summarize our empirically explored moving average strategy as
follows:
Long : CCI20 ≥ 100, (B.14)
Short : CCI20 ≤ −100, (B.15)
c = set to 1.5%. (B.16)
Distribution of Returns, Maximum Drawdowns, and Sharpe Ratios
Figure B.11 plots the excess returns generated by following the commodity channel index com-
pared to the passive buy-and-hold strategy. More than 20% of all excess return observations
are in the bin of 0–5% and another 20% are in the 5–10% bin. The bin with the third largest
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relative frequency is the 10–15% bin—and these three largest bins together already add up to
more than 60% of all observations. On the negative side, we observe close to 15% of excess
returns in the -5–0% bin. While this -5–0% bin still contains a large percentage, three quarters
of all observations are positive, which seems to be a promising result. Obviously, the trading
strategy introduces extreme return observations into the right tail of the distribution. In Figure
B.12 we report the maximum drawdown reduction of our active strategy, CCI, relative to the
passive strategy. First, we clearly observe that fewer than 400 observations lead to a higher
maximum drawdown relative to the benchmark strategy—which translates into a less than 2%
relative frequency. Second, we have a peak in distribution in the two bins 30–35% and 25–30%
maximum drawdown reduction. Overall, the histogram shows evenly distributed results, how-
ever with low relative frequencies. The positive aspect of these low relative frequencies—around
10% each—is that maximum drawdown reduction in the range of 20–40% has a probability of
around 40%. Plotting the histogram of excess Sharpe ratios in Figure B.13 reveals that less
than 10% of all backtested active strategies have a Sharpe ratio smaller than the benchmark’s
Sharpe ratio. Also, this implies that 90% of all backtested active trading strategies outperform
their passive benchmark in terms of Sharpe ratio. Additionally, we have a peak in the bin of
0.6–0.8%, followed by 0.4–0.6% and 0.8–1%—all of which are reported with a relative frequency
of around 15%. As these results look promising in terms of performance and its robustness, we
dig deeper in Figure B.14 where we look at the skewness of our backtested strategies. The sum-
mary statistics clearly show the improvement in terms of skewness, reporting a median of 0.83
and mean of 1.05 for the active strategies compared to the median of -0.61 and mean of -0.74
of the passive strategies. In row seven of Figure B.14 we report that 96.17% of all backtested
strategies based on the commodity channel index have a higher skewness than their passive
benchmark, therefore improving the return profile from an investor’s point of view. This fact is
also visible in row seven of Figure B.15, where we report that 99.58% of our commodity channel
index based strategies experience a higher kurtosis than the passive benchmark strategies. While
higher kurtosis is not per se good or bad from an investor’s perspective, this is a nice property
combined with the aforementioned results in Figure B.14 where we discussed the skewness of
these backtests. Overall, the backtesting results using the commodity channel index to generate
trading signals are convincing across all performance metrics.
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Figure B.11: This chart shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the commodity channel index on its robustness by applying it on 20,000 simulated price
paths. We use a lookback period of 20 days and use 100 as the upper and -100 as the lower signal
threshold, respectively. Excess return, as defined in Equation 2.18, is ERk = µk − µBH . We subtract
µBH from µk to get the amount by which the active strategy, k, was able to increase the return relative
to the passive strategy, BH.
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Figure B.12: This chart shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the commodity channel index on its robustness by applying it on 20,000 simulated
price paths. We use a lookback period of 20 days and use 100 as the upper and -100 as the
lower signal threshold, respectively. Maximum drawdown, as defined in Equation 2.19, is MDDk =
max0≤t≤T (max0≤τ≤t[vt(x)]− vt(x)). We subtract MDDk from MDDBH to get the amount by which the
active strategy, k, was able to reduce the maximum drawdown relative to the passive strategy, BH.
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Figure B.13: This chart shows the excess return for our empirical backtests based on the MSCI World
Index.
Note: We test the commodity channel index on its robustness by applying it on 20,000 simulated price
paths. We use a lookback period of 20 days and use 100 as the upper and -100 as the lower signal
threshold, respectively. The Sharpe ratio, as defined in Equation 2.20, is ŜRk =
µˆk
σˆk
. We subtract ŜRBH
from ŜRk to get the amount by which the active strategy, k, delivers an improved Sharpe ratio relative
to the passive strategy, BH.
Skewness CCI BH
Min. : -3.86732 -13.60131
1st Qu.: 0.36287 -0.87940
Median : 0.83429 -0.61466
Mean : 1.05353 -0.73680
3rd Qu.: 1.44245 -0.43446
Max. : 22.61658 1.16424
S(CCI) > S(BH): 96.17%
Figure B.14: This figure shows the skewness information for the asset MSCI World Index.
Note: The tested indicator is the commodity channel index, CCI; the tested time period ranges from
January 2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
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Kurtosis CCI BH
Min. : 6.4247 1.3505
1st Qu.: 14.8455 4.4888
Median : 19.3865 6.2001
Mean : 25.8432 8.6394
3rd Qu.: 27.5601 9.2430
Max. : 895.3197 388.7687
K(CCI) > K(BH): 99.575%
Figure B.15: This figure shows the kurtosis information for the asset MSCI World Index.
Note: The tested indicator is the commodity channel index, CCI; the tested time period ranges from
January 2005 to September 2016. Column BH reports the results for the buy-and-hold strategy.
3 Factor-Based Tactical Bond Allocation and Interest
Rate Risk Management1
3.1 Introduction
This paper tackles two major issues faced by asset allocation committees when determining how
to position in the sovereign bond market. By creating trading signals based on a factor strategy,
we are firstly told whether we should be invested in bonds at all rather than holding cash and
vice versa, and secondly—if we are invested in bonds—whether we should be positioned in short-
or long-duration bonds. To obtain trading signals for each market, we select four factors, which
are combined to form a composite bond market factor strategy. The factors used in this paper
are based on existing financial research, and, as such, are no novelty. However, we show that a
selection of economically meaningful factors, which are already present in the financial literature,
help us improve our investment performance—relative to being passively invested as a buy-and-
hold investor—by following a systematic, yet simple approach. An additional benefit of having
a factor model to indicate an optimal positioning is the reduction of the poor decision-making
caused by human biases. As bond market investors are primarily interested in whether yields
are going to rise or fall in the near future, we aim to develop a model that predicts the future
development of excess bond returns over cash. Since the aftermath of the financial crisis, interest
rates have experienced new lows, sometimes even negative values, and fears of an inverse term
structure have arisen. The “new bond market environment”, with record low yields and strong
interventions by central banks, and well-performing and highly supported stock markets backed
by convincingly strong economic fundamentals makes it more difficult and riskier to invest in
bonds, as central banks have to normalize their monetary policies at some point, which would
imply higher yields and therefore falling bond prices. It is therefore our objective to develop a
bond market factor strategy that would, historically, have performed well when interest rates
were raised. We conduct our empirical analysis on data from various countries; in the main
paper we report the results for Switzerland and the world as a whole, whereas additional results
for the USA, Germany, Japan, the UK, Australia, and Canada can be found in our online
appendix2, available on request. Our paper is split into a theoretical part and an empirical part.
The former starts with Section 3.2, where we explain our four factors and how we construct
the bond market factor and is followed by Section 3.3, in which we show how the performance
metrics used in the empirical part are calculated. Section 3.4 contains a description of the
dataset used in our empirical analysis along with additional information on how we chose which
data series to use for the Swiss and global cases. For the empirical part of this paper, we report
1This paper should be cited as Thomann, A. (2018), “Factor-Based Tactical Bond Allocation and Interest Rate
Risk Management”. A modified version of this paper has been submitted to the Journal of Investment Strategies.
2Link to the online appendix.
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the backtesting results in Section 3.5; however, we also formally describe how the investment
strategies are set up. After providing the empirical results of our market timing and duration
switching investment strategies, we discuss their drawdown behavior in Section 3.6, where we
put the focus on improvements on drawdowns experienced relative to the buy-and-hold strategy
in periods of rising interest rates to proxy the bond market factors’ behavior during the coming
tightening of monetary policy. We conclude our paper with a short summary of our main results
in Section 3.8.
3.2 Bond Market Factor
In this section of the paper we introduce the underlying model of our bond market factor. First,
we start with four findings that we are trying to exploit in our bond market factor strategy.
Applied financial research in particular (see for example J.P. Morgan’s study by Kolanovic et al.
(2018) or Morgan Stanley’s study by Hornbach et al. (2015)) states, that excess bond returns
are high if:
1.) carry is high and the yield curve steep
2.) previous bond returns have been positive
3.) previous equity returns have been low or negative
4.) the business cycle is slowing and/or surprises have been negative
Based on the above observations, we develop the individual factors and describe how they are
constructed, how we adjust the signals, and how the individual factors are used to build a
composite bond market factor. To do so, we follow the approach of Hornbach et al. (2015).
As the goal of the model is to determine the trade-off between cash and bonds and between
short- and long-duration bonds, the factors used to build our bond market factor strategy are
based on variables that have been proven to have predictive value in generating excess bond
returns over cash in the existing literature. To exploit the aforementioned regularities of excess
bond returns we construct carry, bond market momentum, equity market performance, and
business cycle factors. While the first two factors, carry and bond market momentum, have
their foundation in the bond markets themselves, the last two have their rationale in the risk-off
behavior, when investors typically shift from risky assets such as equities into less risky assets
such as sovereign bonds once economic conditions deteriorate. While these four factors are
economically reasonable, as a group they combine macroeconomic and style factors. We use
both types of factor as each has distinct characteristics in different market environments; we
therefore expect to improve the combined signal by using a combination of both.
3.2.1 Carry
Our carry strategy’s goal is to harvest the term premium resulting from a steep yield curve.
For this to be profitable, the realized yield has to be lower than the initial forward yield—
which, in turn, implies rising bond prices (see for example Korapaty and Thakkar (2018)). The
expectations hypothesis—a fundamental theorem in fixed income markets—is used to forecast
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future short-term interest rates based on current long-term interest rates. This theorem implies
that carry strategies should not be successful, as the forward yields are taken to be the market’s
expectation of future yields. However, Fama (1976), among others, shows that forward yields
predict future spot rates badly, and that more positive carry is an unlikely reason for rates to
rise. A steeper yield curve implies higher carry and therefore higher excess bond returns (see
for example Mueller-Glissmann et al. (2018)). The signal indicating a favorable environment
is calculated as a full-sample z-score (expanding from the start date) of the 10–2-year treasury
yield curve adjusted for volatility by dividing it by the 1-year realized volatility. Using a rescaled
logistic sigmoid function3, we normalize the signal to cap its strength when it reaches extreme
values. The value of the signal is bound to be in the range of ±10. This normalization prevents
the signal from reaching too extreme values.
3.2.2 Bond Market Momentum
Trend-following and momentum strategies are documented in various studies for different asset
classes (see, among others, Jegadeesh and Titman (1993)), and we also include the momentum
factor as as one of the individual factors to be incorporated into our composite bond market
factor. We calculate our bond market momentum factor as the difference between the excess
return at t− 1 and an exponential moving average with a lookback period of four months. This
differential is divided by volatility with the same lookback period. To prevent us from removing
long-term trends in the data, we normalize the signal to the ±10 span directly.
3.2.3 Equity Market Performance
As, among others, Ilmanen (1995) documents, risk aversion is strongly dependent on the in-
vestor’s wealth. Therefore, as risk aversion can change with changing wealth, so can the ob-
served risk premiums. With declining wealth, investors demand a higher premium for holding
risky assets. In order to protect their wealth against potential losses, investors simultaneously
demand a lower rate of return from a safer asset. Investors are therefore willing to shift into
less risky sovereign bonds if risk aversion rises due to a correction or crash in the stock market.
We construct a full sample z-score signal that is based on local equity returns with a lookback
period of 3-months. We extend this signal with the z-score of the equity market performance
difference between emerging and developed markets. We use this extension as a complement,
because if risky assets perform strongly, emerging market equities tend to outperform developed
market equities and vice versa. The final signal is a simple average of both signals, again fitted
into the ±10 span using the logistic sigmoid function described in Subsection 3.2.1.
3.2.4 Business Cycle
Fama and French (1989) find that the variation of the term spread is linked to changes in the
business cycle. Typically, the business cycle troughs and the steepest point of the yield curve
are observed simultaneously. This also implies high bond returns as business conditions worsen,
3We use the hyperbolic tangent function (tanh function) to rescale the output to ±10. The logistic sigmoid
function is g(x) = exp
x
1+exp x
, where tanh is defined as: tanh(x) = 2g(2x) − 1.
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while bonds normally suffers in strong a macroeconomic environment (see for example Normand
(2017)). This rationale is in line with the argumentation of Subsections 3.2.1 and 3.2.3 as equities
typically perform strongly in healthy macroeconomic environments. The business cycle factor is
therefore a contra-indicator, meaning that if business conditions surprise positively, we reduce
our bond exposure, and increase it if conditions worsen. As in Subsection 3.2.2, we allow for
trends in the data.
3.2.5 Composite Factors: Collection and Overall
Albeit we have four signals resulting from our individual factor strategies described above, we
prefer to have one composite signal that indicates how to position in the bond markets. To do
so, we calculate the Collection factor, COL, which is the simple average of the four individual
factors: carry, bond market momentum, equity market performance, and business cycle. In
contrast to the Collection signal, the Overall signal, OVL, is truncated around a centered value,
where the signal is considered as weak and unconvincing. In our base case, the Overall signal
is set to zero if the Collection signal shows only little conviction, which we define as a signal
strength of ±1.5. Therefore, the Overall factor is more restrictive in terms of signal validity, gives
fewer signals, and therefore allows less aggressive positioning than the Collection factor does.
We interchangeably use the factor names Collection and Overall, their abbreviations COL and
OVL, and the more descriptive names untruncated and truncated bond market factor strategy,
respectively.
3.3 Performance Evaluation
To compare the empirical results of our backtests we evaluate the performance of our investment
strategies using different metrics. While the focus of our analysis is on the standard industry
performance metrics including Sharpe ratio, annualized return, and volatility, as well as max-
imum drawdown, we also report a variety of additional ratios, which extend the information
gained from using the Sharpe ratio and therefore extend our analysis.
3.3.1 Sharpe Ratio
The Sharpe ratio is defined as the strategy’s mean of excess returns over the risk-free asset,
(RP −Rrf ), divided by its standard deviation,
√
var (RP −Rrf ). We set the risk-free return
equal to zero. Formally, the Sharpe ratio of our strategy is defined as
Sharpe ratio =
(RP −Rrf )√
var (RP −Rrf )
. (3.1)
3.3.2 Maximum Drawdown
Maximum drawdown is defined as the largest drop from peak to trough over a certain period
of time, [0, T ]. Mathematically speaking, if vt(x) is the net asset value of a trading strategy
at time t, the drawdown function at time t is defined as the difference between the maximum
of this function and the value of this function at time t. From the drawdown function, the
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maximum drawdown can be determined by choosing its maximum value over the entire time
interval, [0, T ].
Formally, the maximum drawdown of strategy k is defined as
MDDk = max
0≤t≤T
(
max0≤τ≤t[vτ (x)]− vt(x)
max0≤τ≤t[vτ (x)]
)
· (−1) . (3.2)
3.3.3 Sortino Ratio
In contrast to the Sharpe ratio, which is based on volatility, the ratio defined in Sortino and Price
(1994) is focused on downside risk. Downside risk, or more specifically downside deviation in
our case, ignores positive returns and instead uses the minimum acceptable return, MAR, to
capture the performance lower than this minimum threshold. To calculate the downside risk,
we calculate the square of the difference of all returns smaller than the MAR to the MAR itself
and divide this value by the number of returns, n. We set MAR = 0%.
Sortino ratio =
RP −MAR√
n∑
t=1
min[(RP,t−MAR),0]2
n
. (3.3)
3.3.4 Bernardo and Ledoit Ratio
The Bernardo and Ledoit ratio—also referred to as the Omega ratio—is defined as the sum of
positive returns divided by the sum of negative returns (see Bernardo and Ledoit (2000)).
Bernardo and Ledoit ratio =
1
n
n∑
t=1
max(Rt, 0)
1
n
n∑
t=1
max(−Rt, 0)
. (3.4)
3.3.5 Modified Burke Ratio
To calculate the Burke ratio we subtract the risk-free rate from the portfolio return, (RP −Rrf ),
and divide it by the square root of the sum of the square of the drawdowns. We report the
modified Burke ratio, which is the Burke ratio multiplied by the square root of the number of
observations. We set the risk-free return equal to zero.
Modified Burke ratio =
(RP −Rrf )√
d∑
t=1
D2t
n
. (3.5)
3.3.6 Calmar Ratio
To calculate the Calmar ratio, we divide the annualized return by the absolute value of the
maximum drawdown the strategy experienced.
Calmar ratio =
Rann
|MDD|
. (3.6)
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3.4 Data
The data we use in our empirical analysis can be split into two subsets. The first contains the
bond return series, for which we decide to use the country-specific Citigroup GBI bond series
and use the Bloomberg Terminal to collect the data. For Switzerland, we store daily return
observations for the 3–5- and 7–10-year duration bonds, while for the global bond market we
collect the 7–10 year Citigroup WGBI data. We store principal and total return data for all
these time series. While we calculate the bond market factors for Switzerland and the world as
a whole ourselves, the factors for the other countries are calculated by Morgan Stanley. Below,
in Table 3.2, we provide an overview of all the series used in the empirical analysis4.
Table 3.1: This table lists the principal and total return series used for our empirical analysis. The data
was collected using the Bloomberg Professional Terminal and is calculated by Citigroup. For Switzerland
we collect short- (3–5 year) and long-term (7–10 year) bond series, whereas globally we only collect the
long-term (7–10 year) bond series. Every bond series is in local currency.
Series Name Region Currency First Date
Citigroup GBI Switzerland 3–5 Year Switzerland CHF 1999-04-30
Citigroup GBI Switzerland 7–10 Year Switzerland CHF 1999-04-30
Citigroup WGBI 7–10 Year World USD 1994-06-02
3.4.1 Switzerland
As a major contribution of this paper we develop and construct the four individual and two
composite bond market factors for Switzerland, as we are particularly interested in having a
model that also covers Switzerland as it is a major region in the investment industry and widely
considered a safe haven in times of stressed financial markets. While the bond market momen-
tum factor is based on the bond return series itself, we have to collect additional data for the
carry factor, equity market performance, and business cycle factor (all listed in Table 3.2). To
calculate our carry factor, we use the ten- and two-year Swiss government yield data, provided
by Bloomberg. To construct the business cycle factor, we use the KOF Economic Barometer,
which is published by the KOF Swiss Economic Institute. It is a leading composite indicator,
predicting how the Swiss economy is expected to perform in the near future. For the equity
market performance factor, we use, first, the Swiss Performance Index (SPI) total return series.
It contains almost all the stocks of companies that are domiciled in either Switzerland or Liecht-
enstein. To calculate the second equity market signal, the emerging markets versus developed
markets performance differential, we use the daily return data of the MSCI USA, MSCI Europe
Ex Switzerland, and MSCI Emerging Markets indices. The factor construction itself follows the
methodology as outlined in Subsections 3.2.1 to 3.2.4. For the drawdown analysis in Section 3.6,
we collect daily observations of the 3-month LIBOR data provided by the Swiss National Bank
4In the data section we list all data used for the empirical tests in the main paper. The data used for robustness
checks and other countries are reported in the online appendix, which can be found here.
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for the same period as that for which we have factor data.
3.4.2 World
To construct the four individual bond market factors for the global bond market, we calculate
the equally weighted average across all the available regional factors. The four individual global
factors are then manipulated as described above in Subsection 3.2.5 to model the global com-
posite bond market factors COL and OVL.
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Table 3.2: This table lists all the input factors used to calculate the bond market factors for our
empirical analysis in pane a. The data was collected using the Bloomberg Professional Terminal and was
calculated by the author. Pane b of this table, we report the data used for drawdown analysis in Section
3.6. It was downloaded from the Swiss National Bank’s data repository.
Factor/Input Data Series Region First Date
Pane a
Bond Market Factor Switzerland Business Cycle Switzerland 1999-04-30
KOF Economic Barometer
Bond Market Factor Switzerland Carry Switzerland 1999-04-30
Government Bond 10-Year Yields
Government Bond 2-Year Yields
Bond Market Factor Switzerland Equities Switzerland 1999-04-30
Swiss Performance Index
MSCI USA Index USA
MSCI Europe Ex Switzerland Index Europe
MSCI Emerging Markets Index Emerging Markets
Bond Market Factor Switzerland Momentum Switzerland 1999-04-30
Citigroup GBI 3–5 Year
Citigroup GBI 7–10 Year
Bond Market Factor Switzerland Overall Switzerland 1999-04-30
Bond Market Factor World Business Cycle World 1994-06-02
Bond Market Factor Australia Business Cycle Asia
Bond Market Factor Canada Business Cycle North America
Bond Market Factor Germany Business Cycle Europe
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3.5 Factor Investment Strategies
In this section, we explain how the factors described in Section 3.2 are translated into a tradeable
bond market investment strategy that supports our efforts to obtain a view on bond market
duration and guides us in our tactical interest rate market view. We divide our empirical
analysis into two parts: The first is referred to as the “market timing strategy”, as we are either
invested in bonds or move to cash (or vice versa). We call the second strategy the “duration
switching strategy” as the model tells us whether we should be invested in short- or long-term
bonds.
3.5.1 Market Timing Strategy
The market timing strategy is either invested in bonds or holds cash. While our benchmark
strategy always holds cash, we also report the performance of the buy-and-hold strategy’s in-
vestment in bonds of the same duration as the investments of the market timing strategy. We
do this as some of the performance metrics can not reasonably be benchmarked to cash, as it
does not generate returns and does not experience volatility and drawdowns5. Mathematically,
we can formulate the active trading decision as follows:
Market timing =
invested in bonds if: factor > xholds cash if: factor ≤ x . (3.7)
The strategy in this section is tested in a long-only environment.
Region: Switzerland
7–10 Years
Table 3.3: This table shows the annualized return, standard deviation, and Sharpe ratio as they are the
most important performance metrics. They are followed by maximum drawdown information as well as
additional performance measures, which are documented in the performance evaluation part this paper.
The table reports the tests for the region Switzerland. The tested time period spans from 1999-04-30 until
2017-03-30. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0241 0.0179 0.0147 0.0175 0.0207 0.0208 0.0215
Ann. Std Dev 0.0297 0.0215 0.0191 0.0224 0.0222 0.0215 0.0216
Ann. Sharpe 0.8107 0.8320 0.7657 0.7844 0.9293 0.9677 0.9932
Max. Drawdown 0.0924 0.0458 0.0462 0.0600 0.0484 0.0426 0.0426
Avg. Drawdown 0.0076 0.0065 0.0059 0.0072 0.0064 0.0058 0.0059
Avg. Length 36.8671 49.8482 53.9091 57.6569 51.4590 47.3939 46.6269
Avg. Recovery 17.1456 29.9643 27.1364 38.3235 32.5246 31.9697 31.5299
Sortino 0.0754 0.0800 0.0723 0.0746 0.0897 0.0936 0.0961
Bernardo & Ledoit 1.1879 1.3124 1.2608 1.2784 1.3018 1.3486 1.3533
Mod. Burke 13.6487 14.3884 13.3720 13.5046 16.5102 16.9097 17.3909
Calmar 0.2606 0.3909 0.3170 0.2925 0.4270 0.4875 0.5035
5Assuming cash to be a zero-return investment.
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As the market timing strategy is either holding cash or is invested in bonds and the reported
benchmark is always invested in bonds, we expect our factor strategies to have higher Sharpe
ratios as a result of lower volatility overcompensating lower return figures. Our bond market fac-
tors, both truncated and untruncated, generate a higher Sharpe ratio, as expected due to lower
volatility despite generating lower returns. Truncating the signal around ±1.5 also improves the
annualized return; however, it remains lower than the return delivered by following a passive
buy-and-hold strategy. The Collection as well as the Overall strategy reduce the maximum
drawdown by more than 50%. Exiting the bond market, however, also a implies longer average
drawdowns and longer recovery periods. Every individual factor experiences a lower volatility
than the benchmark strategy does, with reduced annual return too. Maximum drawdown is also
significantly reduced by each individual factor. As for the Overall bond market factor strategy,
every individual signal reduces the maximum drawdown approximately by half but again at the
expense of a higher average drawdown length and longer recovery period. These observations
translate into higher Bernardo and Ledoit and Calmar ratios. While the modified Burke ratio is
slightly lower than the one reported for the buy-and-hold strategy, every other factor achieves
a higher ratio. From an individual factor perspective, bond market momentum is performing
best, with the overall highest Sharpe ratio as a result of having the highest individual annualized
return, while experiencing the second highest volatility. These strong factor properties are also
reflected in the other performance metrics, such as the Calmar, Sortino, and modified Burke
ratios.
3–5 Years
Table 3.4: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as
well as additional performance measures, which are documented in the performance evaluation part of
this paper. The table reports the tests for the region Switzerland. The tested time period spans from
1999-04-30 until 2017-03-30. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM
= momentum, COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0162 0.0125 0.0099 0.0113 0.0123 0.0132 0.0134
Ann. Std Dev 0.0149 0.0115 0.0100 0.0117 0.0118 0.0115 0.0115
Ann. Sharpe 1.0837 1.0893 0.9907 0.9585 1.0444 1.1476 1.1615
Max. Drawdown 0.0441 0.0367 0.0198 0.0308 0.0363 0.0255 0.0255
Avg. Drawdown 0.0037 0.0033 0.0030 0.0035 0.0033 0.0028 0.0029
Avg. Length 35.7471 48.1121 50.1488 61.4896 51.7899 46.4697 47.1692
Avg. Recovery 17.7471 23.4310 26.5372 39.5729 22.0840 28.1364 28.6923
Sortino 0.1023 0.1070 0.0968 0.0919 0.1020 0.1131 0.1144
Bernardo & Ledoit 1.2653 1.4484 1.3461 1.3744 1.3513 1.4363 1.4347
Mod. Burke 19.2436 19.9620 18.3188 17.3854 19.3057 21.1295 21.4040
Calmar 0.3670 0.3405 0.4992 0.3653 0.3382 0.5161 0.5261
In the short-term case, both composite strategies outperform the benchmark strategy in terms of
Sharpe ratio as the lower volatility can compensate for the reduced annualized return. Addition-
ally, experienced worst and average drawdowns are lower than those of the benchmark strategy.
As the Sortino, Bernardo and Ledoit, and the modified Burke ratios are all better than those of
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the benchmark strategy, the results for our composite strategies are highly promising. Truncat-
ing the signal at ±1.5 yields an improvement of Sharpe ratio by raising the annualized return
while keeping the volatility constant. The Overall strategy is still able to keep the worst and
average drawdowns below those experienced by the passive strategy. As for the untruncated
version of the bond market factor, the Sortino, Bernardo and Ledoit, and modified Burke ratios
are all better than for the benchmark case. As for the long-term bonds, the bond market mo-
mentum factor still performs strongly, while the cycle factor stands out as the outperforming
contributor, yielding the highest annualized return and thereby generating the highest individ-
ual Sharpe ratio. The equities factor attracts our attention as the worst performer, with too low
annualized-return and too high volatility figures to beat the benchmark strategy on the Sharpe
ratio level. However, every individual factor reduces the worst and average drawdowns relative
to the benchmark strategy.
Region: World
7–10 Years
Table 3.5: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region World. The tested time period spans from 1994-06-02
until 2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0297 0.0224 0.0257 0.0149 0.0380 0.0208 0.0359
Ann. Std Dev 0.0650 0.0459 0.0519 0.0448 0.0523 0.0521 0.0535
Ann. Sharpe 0.4573 0.4870 0.4952 0.3329 0.7269 0.3989 0.6713
Max. Drawdown 0.1227 0.1336 0.1252 0.1047 0.1056 0.1236 0.1121
Avg. Drawdown 0.0201 0.0189 0.0179 0.0173 0.0139 0.0179 0.0157
Avg. Length 62.7195 95.2364 80.7841 118.0351 54.9603 81.2188 56.6835
Avg. Recovery 32.3171 64.6364 39.1818 73.4035 30.7483 34.0000 28.4820
Sortino 0.0443 0.0468 0.0475 0.0324 0.0714 0.0387 0.0653
Bernardo & Ledoit 1.1028 1.1582 1.1449 1.1100 1.2009 1.1149 1.1877
Mod. Burke 8.1390 8.9110 8.9063 6.1147 13.9224 7.2680 12.7257
Calmar 0.2422 0.1674 0.2051 0.1424 0.3602 0.1682 0.3204
While the simple world bond market strategy without truncation fails to outperform the buy-
and-hold strategy in most reported performance metrics, truncating unconvincing signals at
±1.5 improves the Overall composite factor, beating the buy-and-hold strategy on every reported
metric apart from the average drawdown length. Truncation additionally reduces the average and
worst drawdowns. For the first time, the average recovery period is smaller when applying our
Overall composite factor than when following the buy-and-hold approach. From an individual
factor perspective, bond market momentum is by far the best performing component. Generating
by far the highest annualized return with a reasonable volatility, we report the highest Sharpe
ratio for bond market momentum across the factors. While it performs comparably with the
other factors when looking at the maximum drawdown, it performs best in terms of average
drawdown. Across the ratios reported at the bottom of Table 3.5, bond market momentum
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achieves the best results. Equity, on the other hand, is the worst performing individual factor.
Even though the equity strategy experiences the lowest volatility, this comes at the expense of
the lowest annualized return. This fact weighs heavily and also diminishes the strategy’s Sharpe
ratio. This result is in line with the other performance metrics, for which the equity market
performance factor shows the worst results.
3.5.2 Duration Switching Strategy
The duration switching strategy is invested in either short- or long-term bonds. If the bond
market factor indicates a good environment for bond investments, we are invested in long-term
bonds, whereas we invest in short-duration bonds if the factor signals worsening circumstances,
to reduce bond market risk. In terms of risk taking, the duration switching strategy is a more
aggressive model than the market timing strategy from Subsection 3.5.1, as it never leaves the
bond market entirely and remains invested, thereby remaining exposed to interest rate risk.
Mathematically, we can formulate the active trading decision as follows:
Duration switching =
invested in long-term bonds if: factor > xinvested in short-term bonds if: factor ≤ x . (3.8)
The strategy in this section is tested in a long-only environment. The benchmark strategy is
always invested in long-term bonds. Again, the official benchmark is cash but we report the
performance achieved by a buy-and-hold investment strategy (cp. with the reasoning in Sub-
section 3.5.1).
Region: Switzerland
Table 3.6: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as
well as additional performance measures, which are documented in the performance evaluation part of
this paper. The table reports the tests for the region Switzerland. The tested time period spans from
1999-04-30 until 2017-03-30. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM
= momentum, COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0241 0.0216 0.0210 0.0225 0.0246 0.0237 0.0244
Ann. Std Dev 0.0297 0.0235 0.0221 0.0242 0.0241 0.0234 0.0235
Ann. Sharpe 0.8107 0.9174 0.9486 0.9289 1.0221 1.0110 1.0347
Max. Drawdown 0.0924 0.0458 0.0774 0.0659 0.0550 0.0550 0.0550
Avg. Drawdown 0.0076 0.0061 0.0060 0.0057 0.0064 0.0060 0.0061
Avg. Length 36.8671 41.0000 39.2452 35.9706 40.8750 38.9497 39.4713
Avg. Recovery 17.1456 24.2434 23.0774 19.2941 22.9803 22.0189 22.0955
Sortino 0.0754 0.0871 0.0888 0.0877 0.0974 0.0964 0.0987
Bernardo & Ledoit 1.1879 1.2389 1.2366 1.2392 1.2599 1.2662 1.2703
Modified Burke 13.6487 15.8197 16.4851 15.9822 17.9782 17.5593 17.9998
Calmar 0.2606 0.4712 0.2713 0.3406 0.4469 0.4303 0.4427
As we no longer move into cash once the factor signal shows us a worsening of the bond
market environment, but rather move from long duration into short duration, we do not leave
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as much return potential on the table. This fact is clearly visible in terms of annualized re-
turns, compared to the reported return data in Tables 3.3 and 3.4. On the other hand, we are
still exposed to interest rate change risk. However, as the backtesting results for the untrun-
cated, Collection factor strategy show, this pays off: Even though the annualized return is lower
than for the passive strategy, the lower volatility of our Collection strategy overcompensates
for this, which is reflected in a higher Sharpe ratio. Both average and worst drawdowns are
improved by applying the active strategy, while the latter is reduced by almost 50%. Satisfy-
ingly, the other performance ratios also favor our Collection strategy. Apart from volatility and
drawdown-related figures, removing unconvincing signals at ±1.5 significantly improves every
single reported metric. Therefore, in summary, for the duration switching model truncation
pays off. Again, on average, bond market momentum turns out to be the best performing in-
dividual factor. Apart from equities, every other active factor (individually or combined) has
worse properties in terms of average drawdown period and recovery period, but outperforms the
benchmark strategy in every other reported metric apart from annual return. While the other
individual factors are also unable to beat the benchmark in terms of average recovery period,
the equity factor successfully reduces average drawdown length but insignificantly. Cycle, as a
standalone component, performs surprisingly strongly in drawdown management, experiencing
the lowest maximum drawdown. In summary, the duration switcher for Switzerland performs
strongly across all individual components, therefore supporting the decision to use all four fac-
tors as inputs to the Overall strategy. As mentioned above, signal truncation is beneficial across
every reported metric, supporting the case for removing unconvincing signals. However, we have
to bear in mind that we have experienced years of declining interest rates, with only few interest
rate hikes.
3.6 Drawdown Behavior
Changes in interest rates are the most important risk factor to consider when investing in
sovereign bonds. We therefore analyze the largest drawdowns found in the Swiss long-term
returns series. The inverse relationship of interest rates and bond prices implies that rising in-
terest rates are reflected in lower bond prices, which again should be mirrored in our return data
6. Looking at the development of interest rates in Switzerland, we should therefore be able to
detect the same periods as observed using the drawdown analysis of our in principal return data.
From Figure 3.1 we can summarize that there were three major periods of rising interest
rates during our empirical backtesting window. Right at the beginning of the chart, in Spring
1999, was the starting point of the first interest rate increase, the rate rising to 3.57% by October
2000. The second example of a rising interest rate environment began in January 2004, the rate
rising from 0.24% to reach 3.13% in October 2008. From June 2010 to May 2011 we detect
another period of rising interest rates—although this time significantly lower in magnitude. We
can thus build three major consecutive periods of rising interest rates:
6This rationale is reaffirmed when we look at the interest data provided by central banks, taking the Swiss
case as representative example.
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Figure 3.1: Swiss National Bank 3-month LIBOR: This plot shows the Swiss 3-month LIBOR rate as
an indicator for interest rate levels in Switzerland. The data plotted in this chart spans from 1999-04-29
until 2017-03-30.
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In order to assess the quality of our factor strategies, we first extract the largest drawdowns found
in our principal return series as a proxy for interest rate increases and then extract the largest
drawdowns experienced when following our active, factor-based investment strategy. While we
use the principal return data to reaffirm that changes in interest levels are reflected in our price
series, we use total return data to compare the performance of our factor investment strategies
relative to the buy-and-hold strategy.
Principal Return
Table 3.7, below, reports the drawdowns detected in the long-duration principal return bond
data for Switzerland. Strikingly, we observe that 6 out of 10 of the largest drawdowns in Table
3.7 were larger than 50%, with the largest occurring from May 1999 to January 2003 with a
depth of 98.25%. Obviously, these are not drawdowns we would expect from a reasonable passive
sovereign bond investment—but we have to keep in mind that these figures are principal return
data and not total return data, which we will discuss later. In the list that follows, we present
the periods in which the highest drawdowns in principal returns are detected:
1) 1999-05–2003-01
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2) 2005-06–2010-05
3) 2010-09–2011-09
Comparing these periods with our findings based on the interest rate data provided by the Swiss
National Bank, we find that the periods of rising interest rates and the largest drawdowns in
principal return data do indeed overlap, and therefore affirm the inverse relationship of interest
rates and bond prices. Therefore, cross-comparing the periods in which the highest drawdowns
in the principal return data are observed with the Swiss National Bank’s interest rate policy
(see Figure 3.1), we recognize that the three worst drawdowns occurred during the three major
restrictive monetary policy periods when interest rates increased significantly. While the draw-
down periods are longer than the periods of rising interest rates, the peaks in interest rate levels
and the drawdown troughs are observed around the same dates. This supports our thesis and
we therefore move to the total return analysis.
Table 3.7: This table shows the largest drawdowns detected in the long-term principal return data for
the region Switzerland. The tested time period spans from 1999-04-29 until 2017-03-30.
From Trough To Depth Length To Trough Recovery
1 1999-05-31 2000-06-29 2003-01-11 -0.9825 1322 396 926
2 2005-06-30 2008-07-30 2010-05-17 -0.9701 1783 1127 656
3 2010-09-30 2011-05-30 2011-09-21 -0.8317 357 243 114
4 2012-08-31 2014-01-30 2015-02-22 -0.8268 906 518 388
5 2003-03-31 2004-07-30 2005-05-07 -0.7999 769 488 281
6 2015-12-31 2016-01-30 2016-04-17 -0.5343 109 31 78
7 2015-02-28 2015-07-30 2015-12-19 -0.4106 295 153 142
8 2012-06-30 2012-07-30 2012-08-28 -0.3016 60 31 29
9 2012-02-29 2012-04-29 2012-06-08 -0.2814 101 61 40
10 2011-10-31 2011-11-29 2011-12-28 -0.1657 59 30 29
Buy-And-Hold
First and foremost we observe in Table 3.8 that the drawdown depth is both significantly lower
compared to the results reported in the previous part based on principal return data (see Table
3.7) and in an expected range for bond investments.
Table 3.8: This table shows the largest drawdowns detected in the long-term total return data for the
region Switzerland. The tested time period spans from 1999-04-29 until 2017-03-30.
From Trough To Depth Length To Trough Recovery
1 1999-04-30 2000-05-19 2001-03-22 -0.0924 693 386 307
2 2005-09-23 2007-07-09 2008-01-23 -0.0662 853 655 198
3 2010-08-25 2011-04-11 2011-07-27 -0.0543 337 230 107
4 2003-06-12 2003-09-03 2004-03-08 -0.0515 271 84 187
5 2001-11-08 2002-03-08 2002-06-26 -0.0458 231 121 110
6 2012-12-11 2013-09-10 2014-05-08 -0.0453 514 274 240
7 2008-03-25 2008-06-19 2008-08-13 -0.0441 142 87 55
8 2003-03-12 2003-04-07 2003-06-10 -0.0410 91 27 64
9 2004-03-16 2004-06-29 2004-10-11 -0.0376 210 106 104
10 2015-01-26 2015-06-10 2015-11-10 -0.0342 289 136 153
For the total return long-term bond data we observe three major drawdown periods, namely:
1) 1999-04–2001-03
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2) 2005-09–2008-01
3) 2010-08–2011-07
The periods overlap with the major increases in interest rates as depicted in Figure 3.1. The
worst drawdown detected in the long-term total return series is 9.24%, followed by one of 6.62%
and three smaller drawdowns of around 5%. Again, the drawdown periods are longer than the
periods of rising interest rates, as the bonds need time to recover the losses. Setting this infor-
mation to one side to be referred back to during the relative evaluation of the performance of
our factor strategies allows us to move on to an analysis of drawdowns experienced when using
the bond market factors.
Factor: Overall
As the Overall strategy is our final product and should be used as the guiding tool in the as-
set allocation process, we start our drawdown analysis with it7. Our first observation clearly
is that even the largest drawdown, which occurred between March 2003 and December 2004,
was smaller than 5% and therefore significantly lower than the worst drawdown experienced by
passively holding on to the asset and lower than the five worst drawdowns listed above in Table
3.8 for the buy-and-hold long-term bond strategy. Secondly, the time periods in which the ten
largest drawdowns are experienced following our Overall bond market factor strategy are only
covered by two interest rate hike periods—namely, January 2004 until October 2008 and June
2010 until May 2011. However, five out of ten reported drawdowns occur during these periods.
Thirdly, none of the three worst drawdown periods in the benchmark strategy are visible in the
Overall strategy’s drawdown table—therefore, applying the Overall factor successfully circum-
vents the periods in which the largest drawdowns are experienced in the underlying asset, and
no significant losses occur during these periods. Looking at the worst drawdown of 4.26%, we
can identify that this drawdown occurred during a period, in which the passive strategy also
experienced drawdowns, including its fourth largest, of 5.15%. While the drawdown length of
the Overall strategy is significantly longer than that of the buy-and-hold strategy, the factor
strategy is able to reduce the drawdown depth by almost 1%, or 17% in relative terms. The
second largest drawdown reported in Table 3.9 is 4.21%. We find the same period in the draw-
down table of the buy-and-hold strategy in Table 3.8, with a magnitude of 4.58%. While this
reduction of 0.37% in absolute and 8% in relative terms seems negligible, it is remarkable as
this is the second largest drawdown experienced following the Overall factor while it is the fifth
largest drawdown reported in Table 3.8. Comparing the fourth largest drawdown, at 3.56%, in
Table 3.9 with the drawdown experienced during the same period for the buy-and-hold strategy
at a magnitude of 4.41% again supports the strength of our Overall bond market factor, reduc-
ing the drawdown by 0.8% in absolute and 19% in relative terms. These findings support our
aforementioned reasoning on the superior drawdown behavior of the Overall bond market factor
strategy. To deepen the analysis we now move to the largest drawdowns experienced following
the individual factors: cycle, carry, equity market performance, and bond market momentum.
7We do not report the drawdown analysis of the Collection (COL) bond market factor, as the results are
similar.
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Table 3.9: This table shows the largest drawdowns detected in the active factor strategy overall using
total return data for the region Switzerland. The tested time period spans from 1999-04-29 until 2017-
03-30.
From Trough To Depth Length To Trough Recovery
1 2003-03-12 2003-06-23 2004-12-03 -0.0426 633 104 529
2 2001-11-08 2001-12-28 2002-08-14 -0.0421 280 51 229
3 2015-01-26 2015-06-10 -0.0395 796 136
4 2007-11-26 2008-04-18 2008-08-20 -0.0356 269 145 124
5 2010-08-25 2010-09-13 2011-07-11 -0.0292 321 20 301
6 2008-10-09 2008-10-14 2008-11-11 -0.0291 34 6 28
7 2009-02-19 2009-02-26 2010-05-06 -0.0217 442 8 434
8 2008-12-08 2009-01-07 2009-01-14 -0.0209 38 31 7
9 2006-09-27 2007-10-16 2007-11-19 -0.0208 419 385 34
10 2001-03-28 2001-04-30 2001-06-26 -0.0201 91 34 57
Factor: Cycle
The three largest discovered drawdowns periods resulting from the cycle factor strategy reported
in Table 3.10 overlap with the fifth, seventh, and eighth largest drawdowns in the underlying
long-term bond return series, resepectively. While the length of the largest drawdown is 50
days longer than that of the underlying asset, the other two drawdowns display the same draw-
down length. Disappointingly, all of these drawdowns are of exactly the same magnitude as
those of the buy-and-hold strategy, therefore not adding any protection in terms of drawdown
management in these cases. However, the biggest drawdowns reported in the cycle strategy are
significantly—up to 50%—lower than those experienced as a buy-and-hold investor. To illus-
trate this statement, consider the fact that the largest drawdown resulting from the cycle factor
is only the fifth largest a buy-and-hold investor experiences. In addition, Table 3.8 reports the
fourth largest drawdown in the period 2003-06-12 until 2004-03-08, of 5.15%, while the cycle
factor is only hit by a 4.1% drawdown from 2003-03-12 until 2003-06-10, and therefore success-
fully reduces this drawdown.
Table 3.10: This table shows the largest drawdowns detected in the active factor strategy cycle using
total return data for the region Switzerland. The tested time period spans from 1999-04-29 until 2017-
03-30.
From Trough To Depth Length To Trough Recovery
1 2001-11-08 2002-03-08 2002-08-14 -0.0458 280 121 159
2 2008-03-25 2008-06-19 2008-08-13 -0.0441 142 87 55
3 2015-01-26 2015-06-10 -0.0431 796 136
4 2003-03-12 2003-04-07 2003-06-10 -0.0410 91 27 64
5 2009-02-19 2009-05-28 2011-06-10 -0.0317 842 99 743
6 2008-10-09 2008-10-14 2008-11-11 -0.0291 34 6 28
7 2008-02-06 2008-02-27 2008-03-21 -0.0244 45 22 23
8 2003-06-12 2003-06-23 2004-11-23 -0.0240 531 12 519
9 2008-12-08 2009-01-07 2009-01-14 -0.0209 38 31 7
10 2001-03-28 2001-04-30 2001-06-26 -0.0201 91 34 57
Factor: Carry
Six out of ten drawdowns reported for our carry strategy occur during the three major periods
of rising interest rates. Our first observation upon looking at Table 3.11 is that the largest draw-
down experienced when following the carry strategy is smaller than the four largest observed
in the underlying asset. With a magnitude of 4.62%, the largest drawdown reported for the
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carry factor occurs during the second major prolonged period of rising interest rates. During
the same period, the buy-and-hold investor lost 6.62%—2% more in absolute terms and more
than 30% more in relative terms. Also, the period in which the second largest drawdown for
the carry strategy occurs overlaps with a drawdown period reported for the buy-and-hold strat-
egy as shown in Table 3.8—resulting in its largest loss, of 9.24%. In contrast, the carry factor
strategy loses only 4.14%—a reduction of 5% on an absolute basis or 55% in relative terms.
Moving down the list to the third largest drawdown reported in Table 3.11, we recognize a loss
of 3.64% during the period of June 2003 to November 2004. The underlying asset, however,
loses significantly more, with a reported drawdown of 5.15%. Again, this is a reduction of more
than 1.5% in absolute terms and almost 30% on a relative basis.
Table 3.11: This table shows the largest drawdowns detected in the active factor strategy carry using
total return data for the region Switzerland. The tested time period spans from 1999-04-29 until 2017-
03-30.
From Trough To Depth Length To Trough Recovery
1 2006-09-27 2008-04-18 2008-09-29 -0.0462 734 570 164
2 1999-04-30 2000-05-19 2000-12-15 -0.0414 596 386 210
3 2003-06-12 2004-04-26 2004-11-11 -0.0364 519 320 199
4 2010-08-25 2010-09-13 2011-08-05 -0.0292 346 20 326
5 2008-10-09 2008-10-14 2008-12-03 -0.0291 56 6 50
6 2005-09-23 2006-06-26 2006-09-25 -0.0271 368 277 91
7 2001-11-08 2001-11-27 2002-06-10 -0.0241 215 20 195
8 2015-02-03 2015-06-10 2016-02-18 -0.0232 381 128 253
9 2012-12-11 2013-10-16 2014-01-31 -0.0203 417 310 107
10 2002-07-25 2002-10-15 2002-12-06 -0.0202 135 83 52
Factor: Equity Market Performance
The equity market performance factor is the only factor that experiences a drawdown of larger
than 5%, with one of 6%. The aforementioned drawdown occurs between July 1999 and Jan-
uary 2001, which is also when the largest drawdown of the underlying is observed. The latter,
however, has a magnitude of 9.24% and is therefore 3.24%, or in relative terms 35%, larger.
The equity market performance factor clearly reduces this by entering the drawdown period
three months later. This drawdown period overlaps also with the first reported period of rising
interest rates. The longest period of interest rate hikes ran from January 2004 to October 2010.
Clearly, the second, third, seventh, and ninth largest drawdowns occurred during this period. In
this period, we also report the second largest drawdown for the underlying total return series, of
6.62%. While the equities factor experiences the second largest drawdown with a performance
impact of 4.52%, its duration—over 1,200 days—is remarkably long. The third largest draw-
down reported during the period from March 2008 to August 2008 generates a loss of 4.34%,
which is slightly less than the drawdown experienced by the buy-and-hold investor during the
very same period, with an impact of 4.41%. However, it is again important to keep in mind that
while this drawdown of 4.34% is only slightly less than the one experienced as a buy-and-hold
investor, it is the third largest resulting from employing the factor strategy—whereas compared
to the buy-and-hold investment strategy it is only the seventh largest reported loss.
Factor: Bond Market Momentum
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Table 3.12: This table shows the largest drawdowns detected in the active factor strategy equities
using total return data for the region Switzerland. The tested time period spans from 1999-04-29 until
2017-03-30.
From Trough To Depth Length To Trough Recovery
1 1999-07-23 1999-10-14 2001-01-05 -0.0600 533 84 449
2 2003-03-12 2004-06-29 2006-08-22 -0.0452 1260 476 784
3 2008-03-25 2008-06-19 2008-08-13 -0.0434 142 87 55
4 2001-11-08 2002-07-05 2002-09-16 -0.0424 313 240 73
5 2012-08-03 2013-09-10 2014-01-21 -0.0338 537 404 133
6 2010-08-25 2011-04-11 2011-07-29 -0.0296 339 230 109
7 2008-10-09 2008-10-14 2008-11-11 -0.0291 34 6 28
8 2015-01-26 2015-02-18 2015-10-21 -0.0287 269 24 245
9 2008-02-06 2008-02-27 2008-03-21 -0.0244 45 22 23
10 2015-12-02 2015-12-30 2016-02-29 -0.0240 90 29 61
Following the bond market momentum factor as a bond investment strategy implies a maximum
drawdown of 4.84% during the period June 2012 until November 2011. The detected drawdown
is therefore larger than the one reported in the buy-and-hold strategy for a similar time period—
namely, from December 2012 to May 2014. The bond market momentum factor, which adjusts
its signals slowly due to a lookback period of four months, amplifies the drawdown as it starts
losing money earlier and does so for a longer time period. The same is true for the second largest
drawdown reported in Table 3.13, where the bond market momentum signal is again lagging and
therefore losing money for too long. Interestingly, only drawdowns number 5, 6, 7, and 10 occur
during the three sustained periods of rising interest rates. Bond market momentum, therefore,
is able to reduce the worst drawdowns experienced by the buy-and-hold investor, but fails to
completely convince in certain periods of rising interest rates.
Table 3.13: This table shows the largest drawdowns detected in the active factor strategy bond market
momentum using total return data for the region Switzerland. The tested time period spans from 1999-
04-29 until 2017-03-30.
From Trough To Depth Length To Trough Recovery
1 2012-06-01 2014-02-12 2014-11-28 -0.0484 911 622 289
2 2003-03-12 2003-06-23 2004-12-08 -0.0423 638 104 534
3 2015-01-26 2015-06-10 -0.0395 796 136
4 2009-02-19 2009-09-10 2010-02-10 -0.0333 357 204 153
5 2010-08-25 2010-09-13 2011-07-11 -0.0292 321 20 301
6 2008-10-09 2008-10-14 2008-11-11 -0.0291 34 6 28
7 2007-11-26 2008-02-27 2008-09-05 -0.0284 285 94 191
8 2001-11-08 2001-11-27 2002-06-26 -0.0241 231 20 211
9 2008-12-08 2009-01-07 2009-01-14 -0.0209 38 31 7
10 2006-11-21 2007-10-16 2007-11-19 -0.0204 364 330 34
3.7 Additional Results
In the appendix of this paper in Chapter C we report additional results of our backtests. While
we report the results for the Swiss and global sovereign bond market in the main paper, we
provide the empirical results of our market timing and duration switching strategy for Australia,
Canada, Germany, Japan, the UK, and the USA. As for our main results, the market timing
strategy shows superior results in terms of Sharpe ratio based on the Overall factor for most
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countries. While Japan and Germany show the most promising results, we find the worst results
for Australia and Canada. From an individual factor perspective momentum appears to be best
performing factor, generating the highest Sharpe ratio across all tested countries for both, long-
and short-duration bonds. The worst performing individual factors for the long-duration market
timing strategies are carry and equities. On the short-duration side, we find the cycle factor to be
one of the worst performing indicators. Similar to the main results, the experienced maximum
drawdown can also be significantly reduced relative to the passive buy-and-hold strategy by
following our Overall factor signal. For the duration switching strategy, we get results supporting
our main findings for Germany, the UK, the USA, Japan, and Canada—namely, higher Sharpe
ratios generated by the Overall factor strategy relative to the buy-and-hold strategy. However,
we report a lower Sharpe ratio for Australia following the Overall factor. Momentum appears
to be the best individual factor, generating the highest Sharpe ratio in four out of six backtests,
with carry being the best performing individual factor in the remaining two backtests. Also in
line with our main results are the findings in the analysis of drawdowns: investing according
to the Overall factor yields a significant reduction in experienced drawdowns. Not only does
the Overall factor reduce the maximum drawdown, but—on average—reports a lower maximum
drawdown than the largest 3–5 drawdowns observed in the underlying asset. The Overall factor
which shows the worst results for Australia and Canada reduces the maximum drawdown by 56%
and and 64%, respectively. On top, the experienced maximum drawdowns resulting from the
Overall factor for Australia is less than the four largest detected drawdowns in the underlying
asset, and in the Canadian case it has the same magnitude as the sixth largest drawdown reported
for the buy-and-hold strategy. The Overall factor for Japan—the outstanding performer of our
above mentioned backtests—experiences a maximum drawdown of 2.77%, while the buy-and-
hold investor suffers a maximum drawdown of more than 10%. The experienced loss of 2.77%
is less than the 11th largest drawdown experienced by the passive buy-and-hold investor.
3.8 Conclusion
In this paper we develop a bond market factor for Swiss sovereign bonds to guide the duration
discussion in asset allocation committees but also to support the asset allocation decision between
bonds and cash. We construct Swiss and global bond market factors that extend Morgan
Stanley’s universe of bond market factors. Using four region-specific individual factors, we build
an equally weighted Overall factor to signal whether investments in the respective sovereign bond
market are attractive or whether we should reduce risk by either moving into cash or reducing
the duration. In our empirical analysis, we show that our sovereign bond market factor is able
to beat holding cash as well as the static buy-and-hold strategy by employing an active bond
market investment strategy, thereby improving each region’s Sharpe ratio, annualized standard
deviation, and maximum drawdown. To do so, we test two active bond market strategies: we
call the first the “market timing strategy”, in which we are invested in the same duration bonds
as in the buy-and-hold strategy, but exit trades once the respective bond market factor signals us
to do so and accordingly move to cash. The “duration switching strategy” is our second strategy,
in which we are invested in long-duration bonds if the market for bonds is attractive, but move
to short-duration bonds if the environment for bonds is worsening. In terms of risk taking, the
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“duration switching strategy” is clearly more aggressive than the “market timing strategy”, as
the investor is still exposed to bond market risks even if circumstances worsen. The empirical
results of our study are in line with this economic reasoning; the “duration switcher” is able
to generate higher returns accompanied by higher experienced volatility. However, the higher
returns compensate the increase in volatility, resulting in a higher Sharpe ratio compared to
the “market timing strategy”. While we also report better Sortino and modified Burke ratios
for the duration switching strategy, the market timing strategy shows superior results in terms
of the Bernardo and Ledoit and Calmar ratios. Even though the drawdown experienced in the
duration switching strategy is higher than that of the market timing strategy, the relatively
higher return generated by the duration switching strategy overcompensates this, resulting in a
slightly higher Sortino ratio. As the modified Burke ratio is also connected to the drawdowns
experienced, the same reasoning can be applied to explain the inferiority of the market timing
strategy. On the other hand, the Bernardo and Ledoit ratio, which captures the ratio of positive
to negative returns, favors the market timing strategy. As the market timing strategy sells all
bond holdings once the bond market factor indicates a bad environment for bond investments
and moves entirely into cash, the denominator of this performance metric is smaller, yielding
superior results relative to the duration switching strategy, which is always exposed to bond
market risks. The superior results for the market timing strategy in terms of the Calmar ratio
are a result of the lower maximum drawdown experienced by this strategy. Again, this does
not come as a surprise as the market timing strategy is allowed to leave the bond market
completely, while the duration switching strategy can only reduce bond market risk by lowering
the portfolio duration. However, we have to keep in mind that over recent years interest rates
have been falling constantly, and therefore that being invested in short-duration bonds did not
pay off relative to taking more interest rate risk by being invested in long-duration bonds. This
fact is also reflected in the lower Sharpe ratio achieved by the passive buy-and-hold strategy
for short-term Swiss sovereign bonds compared to their longer-term counterparts. Generally,
falling interest rates are also reported in our extended analysis on drawdown behavior, where we
find that our Overall strategy outperforms the buy-and-hold strategy in times of rising interest
rates, therefore anticipating the negative impact on bond portfolios. Overall, we find that not
only the final bond market factor strategy but also the individual input factors outperform the
buy-and-hold strategy in their drawdown behavior, avoiding the largest losses experienced when
following the buy-and-hold approach and therefore reducing the drawdown figures significantly.
Acknowledgments
I would like to thank my advisor Karl Schmedders for his support and guidance in this project.
I would also like to thank Malte Schumacher and the research department of OLZ & Partners
Asset and Liability Management AG, particularly Lorenz Beyeler and Cyril Bachelard, for their
extensive review and feedback, as well as the conferences audiences at the 2018 World Finance
and Banking Symposium, the 2018World Finance Conference, and the 25th International Confer-
ence on Quantitative Finance—“Forecasting Financial Markets”—at the Oxford-Man Institute
at the University of Oxford.
110 Factor-Based Tactical Bond Allocation and Interest Rate Risk Management
C Appendix: Chapter 3
This appendix contains the additional results from our empirical backtests. While the main
paper focuses on the Swiss and global sovereign bond market factors, this appendix contains the
results for the countries Germany, the UK, the USA, Japan, Australia, and Canada. We first
present the data used in the empirical backtests in Section C.1, followed by Section C.2 which is
again split into the three analyses presented in the main paper: The results for the market timing
strategy are presented in Subsection C.2.1, the duration switching strategy results are reported
in Subsection C.2.2, and the in-depth duration analysis is presented in Subsection C.2.3.
C.1 Data
Table C.1: This table lists the principal and total return series used for our empirical analysis. The
data is collected from the Bloomberg Professional Terminal and is calculated by Citigroup. For every
country we collect short- (3-5 year) and long-term (7-10 year) bond series. Every bond series is in local
currency.
Series Name Region Currency First Date
Citigroup GBI Australia 3–5 Year Asia AUD 1987-07-31
Citigroup GBI Australia 7–10 Year Asia AUD 1987-07-31
Citigroup GBI Canada 3–5 Year North America CAD 1987-07-31
Citigroup GBI Canada 7–10 Year North America CAD 1987-07-31
Citigroup GBI Germany 3–5 Year Europe EUR 1987-07-31
Citigroup GBI Germany 7–10 Year Europe EUR 1987-07-31
Citigroup GBI Japan 3–5 Year Asia JPY 1987-07-31
Citigroup GBI Japan 7–10 Year Asia JPY 1987-07-31
Citigroup GBI Switzerland 3–5 Year Switzerland CHF 1999-04-30
Citigroup GBI Switzerland 7–10 Year Switzerland CHF 1999-04-30
Citigroup GBI UK 3–5 Year Europe GBP 1987-07-31
Citigroup GBI UK 7–10 Year Europe GBP 1987-07-31
Citigroup GBI US 3–5 Year USA USD 1987-07-31
Citigroup GBI US 7–10 Year USA USD 1987-07-31
Citigroup WGBI 7–10 Year Yr USD World USD 1994-06-02
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Table C.2: This table lists the bond market factors used in our empirical analysis. The data is collected
from the Bloomberg Professional Terminal and calculated by Morgan Stanley.
Factor Region First Date
Bond Market Factor Australia Overall⋆ Asia 1993-12-08
Bond Market Factor Australia Business Cycle⋆ Asia 2000-03-02
Bond Market Factor Australia Carry⋆ Asia 1993-05-08
Bond Market Factor Australia Equities⋆ Asia 1993-05-08
Bond Market Factor Australia Momentum⋆ Asia 1993-05-08
Bond Market Factor Canada Overall⋆ North America 1993-05-08
Bond Market Factor Canada Business Cycle⋆ North America 2000-03-08
Bond Market Factor Canada Carry⋆ North America 1993-05-08
Bond Market Factor Canada Equities⋆ North America 1993-05-08
Bond Market Factor Canada Momentum⋆ North America 1993-05-08
Bond Market Factor Germany Overall⋆ Europe 1993-05-08
Bond Market Factor Germany Business Cycle⋆ Europe 2002-08-08
Bond Market Factor Germany Carry⋆ Europe 1993-05-08
Bond Market Factor Germany Equities⋆ Europe 1993-05-08
Bond Market Factor Germany Momentum⋆ Europe 1993-05-08
Bond Market Factor Japan Overall⋆ Asia 1993-05-08
Bond Market Factor Japan Business Cycle⋆ Asia 2002-05-09
Bond Market Factor Japan Carry⋆ Asia 1993-05-08
Bond Market Factor Japan Equities⋆ Asia 1993-05-08
Bond Market Factor Japan Momentum⋆ Asia 1993-05-08
Bond Market Factor UK Overall⋆ Europe 1993-05-08
Bond Market Factor UK Business Cycle⋆ Europe 2002-01-08
Bond Market Factor UK Carry⋆ Europe 1993-05-08
Bond Market Factor UK Equities⋆ Europe 1993-05-08
Bond Market Factor UK Momentum⋆ Europe 1993-05-08
Bond Market Factor US Overall⋆ USA 1994-01-06
Bond Market Factor US Business Cycle⋆ USA 1998-01-01
Bond Market Factor US Carry⋆ USA 1993-05-08
Bond Market Factor US Equities⋆ USA 1993-05-08
Bond Market Factor US Momentum⋆ USA 1993-05-08
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C.2 Trading Strategies: Results
This section contains the empirical results for additional countries, based on the data provided
by Morgan Stanley.
C.2.1 Market Timing Strategy
While the market timing strategy shows superior results in terms of Sharpe ratio based on the
Overall factor for Germany, the UK, the USA, and Japan it fails to do so for Australia and
Canada. This finding is robust for long- and short-duration bonds. As in the main paper,
the improved Sharpe ratio is always a result of a lower volatility relative to the buy-and-hold
strategy. Unfortunately, the annual return generated by the Overall factor for Australia and
Canada is too low, such that the lower volatility is not able to compensate this and therefore,
the conducted show a smaller Sharpe ratio relative to the buy-and-hold strategy. Also in line
with the main results of the paper are the reported maximum drawdown figures which show a
reduction relative to the buy-and-hold strategy in all tests apart from short-duration case for
Canada.
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Region: Germany
7–10 Years
Table C.3: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Germany. The tested time period spans from 1993-08-06
until 2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0370 0.0267 0.0258 0.0269 0.0387 0.0274 0.0337
Ann. Std Dev 0.0425 0.0275 0.0306 0.0285 0.0299 0.0286 0.0268
Ann. Sharpe 0.8701 0.9710 0.8433 0.9415 1.2939 0.9580 1.2578
Max. Drawdown 0.0802 0.0551 0.0802 0.0610 0.0630 0.0464 0.0468
Avg. Drawdown 0.0079 0.0066 0.0065 0.0057 0.0054 0.0067 0.0053
Avg. Length 26.3862 36.7203 30.6274 33.2648 24.9656 34.8551 29.2276
Avg. Recovery 15.7884 17.6780 16.9670 19.2192 15.0219 19.1522 15.6306
Sortino 0.0801 0.0937 0.0776 0.0886 0.1221 0.0907 0.1208
Bernardo & Ledoit 1.1938 1.3696 1.2501 1.3404 1.4058 1.3532 1.4791
Mod. Burke 15.2507 18.5701 14.9525 17.3233 24.4818 17.9916 24.1149
Calmar 0.4609 0.4843 0.3217 0.4404 0.6147 0.5905 0.7197
3–5 Years
Table C.4: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Germany. The tested time period spans from 1993-08-06
until 2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0242 0.0156 0.0185 0.0191 0.0256 0.0167 0.0225
Ann. Std Dev 0.0210 0.0143 0.0164 0.0150 0.0159 0.0148 0.0146
Ann. Sharpe 1.1515 1.0909 1.1263 1.2685 1.6093 1.1260 1.5351
Max. Drawdown 0.0435 0.0241 0.0386 0.0323 0.0225 0.0301 0.0301
Avg. Drawdown 0.0035 0.0033 0.0029 0.0030 0.0026 0.0031 0.0026
Avg. Length 20.1701 38.5593 27.5584 30.2939 22.3048 33.7808 26.1181
Avg. Recovery 10.4274 16.9407 14.2080 17.4449 13.8006 17.6781 13.9236
Sortino 0.1075 0.1066 0.1039 0.1229 0.1573 0.1091 0.1525
Bernardo & Ledoit 1.2732 1.4547 1.3513 1.4960 1.5483 1.4514 1.6281
Mod. Burke 20.7448 21.3873 20.1557 24.7621 31.4844 21.9375 30.5930
Calmar 0.5571 0.6448 0.4794 0.5895 1.1384 0.5542 0.7459
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Region: UK
7–10 Years
Table C.5: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region UK. The tested time period spans from 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0391 0.0209 0.0251 0.0281 0.0323 0.0304 0.0296
Ann. Std Dev 0.0464 0.0291 0.0352 0.0325 0.0329 0.0350 0.0296
Ann. Sharpe 0.8429 0.7203 0.7141 0.8638 0.9818 0.8671 0.9990
Max. Drawdown 0.0773 0.0622 0.0773 0.1168 0.0531 0.0914 0.0759
Avg. Drawdown 0.0095 0.0088 0.0087 0.0076 0.0077 0.0093 0.0074
Avg. Length 29.8580 63.6875 52.9806 39.7514 37.6359 44.2982 42.9061
Avg. Recovery 17.5089 35.7875 26.3161 21.7680 19.1382 27.4912 24.8619
Sortino 0.0793 0.0681 0.0678 0.0812 0.0932 0.0830 0.0974
Bernardo & Ledoit 1.1855 1.2559 1.2213 1.3137 1.3196 1.2850 1.3990
Mod. Burke 15.1674 13.3094 12.9461 15.8743 18.6008 16.5289 19.7533
Calmar 0.5058 0.3364 0.3248 0.2406 0.6074 0.3325 0.3897
3–5 Years
Table C.6: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region UK. The tested time period spans Avg.BH = Buy and
hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum, COL = collection, OVL =
overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0299 0.0127 0.0172 0.0198 0.0236 0.0191 0.0196
Ann. Std Dev 0.0224 0.0148 0.0168 0.0164 0.0165 0.0166 0.0146
Ann. Sharpe 1.3353 0.8637 1.0209 1.2073 1.4284 1.1529 1.3411
Max. Drawdown 0.0455 0.0455 0.0344 0.0573 0.0277 0.0317 0.0236
Avg. Drawdown 0.0039 0.0043 0.0040 0.0034 0.0033 0.0039 0.0032
Avg. Length 20.1811 53.0104 39.8689 31.6726 27.7153 35.7571 35.6995
Avg. Recovery 10.7819 27.6979 17.5825 17.6771 16.5104 21.4071 19.8592
Sortino 0.1268 0.0809 0.0977 0.1144 0.1388 0.1133 0.1347
Bernardo & Ledoit 1.3081 1.3153 1.3290 1.4619 1.4964 1.3958 1.5715
Mod. Burke 25.1850 16.2074 19.0032 22.7850 28.2779 23.2294 27.7444
Calmar 0.6569 0.2805 0.5001 0.3457 0.8518 0.6044 0.8278
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Region: USA
7–10 Years
Table C.7: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region USA. The tested time period spans 1994-06-02 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0367 0.0186 0.0226 0.0285 0.0369 0.0319 0.0302
Ann. Std Dev 0.0539 0.0363 0.0413 0.0367 0.0389 0.0394 0.0346
Ann. Sharpe 0.6815 0.5120 0.5487 0.7773 0.9486 0.8086 0.8743
Max. Drawdown 0.1056 0.0865 0.0900 0.0796 0.0877 0.0753 0.0721
Avg. Drawdown 0.0131 0.0122 0.0135 0.0094 0.0096 0.0112 0.0100
Avg. Length 43.8366 92.4861 40.0000 45.6964 42.4845 60.4732 55.9552
Avg. Recovery 24.4706 59.9444 26.5229 25.3869 24.3351 35.0714 30.0597
Sortino 0.0631 0.0480 0.0509 0.0740 0.0893 0.0754 0.0825
Bernardo & Ledoit 1.1505 1.1717 1.1706 1.2858 1.2900 1.2707 1.3407
Mod. Burke 11.8750 8.9367 9.5797 14.5512 18.0315 14.6490 16.0309
Calmar 0.3477 0.2148 0.2516 0.3582 0.4207 0.4235 0.4190
3–5 Years
Table C.8: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region USA. The tested time period spans 1994-06-02 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0303 0.0138 0.0155 0.0205 0.0265 0.0218 0.0200
Ann. Std Dev 0.0287 0.0193 0.0219 0.0200 0.0213 0.0212 0.0186
Ann. Sharpe 1.0559 0.7141 0.7077 1.0258 1.2399 1.0315 1.0756
Max. Drawdown 0.0502 0.0451 0.0502 0.0454 0.0389 0.0381 0.0346
Avg. Drawdown 0.0055 0.0054 0.0064 0.0046 0.0045 0.0052 0.0048
Avg. Length 27.6894 52.1901 30.2877 35.5833 31.7922 45.5918 44.0307
Avg. Recovery 16.5191 28.7355 17.7945 19.8529 18.2667 29.9524 28.7975
Sortino 0.0987 0.0669 0.0657 0.1000 0.1196 0.0985 0.1045
Bernardo & Ledoit 1.2456 1.2494 1.2331 1.4051 1.4088 1.3724 1.4570
Mod. Burke 19.2536 12.8791 12.7087 20.4964 24.9156 19.9560 21.3670
Calmar 0.6030 0.3055 0.3083 0.4515 0.6806 0.5731 0.5775
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Region: Japan
7–10 Years
Table C.9: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Japan. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0155 0.0141 0.0221 0.0181 0.0246 0.0156 0.0228
Ann. Std Dev 0.0278 0.0156 0.0224 0.0207 0.0223 0.0166 0.0189
Ann. Sharpe 0.5573 0.9046 0.9885 0.8785 1.1034 0.9422 1.2044
Max. Drawdown 0.0877 0.0277 0.0570 0.0586 0.0486 0.0364 0.0277
Avg. Drawdown 0.0044 0.0034 0.0043 0.0042 0.0041 0.0032 0.0037
Avg. Length 29.7904 30.8295 22.1875 40.4392 30.5687 30.1793 29.3917
Avg. Recovery 20.1497 18.5194 12.2000 23.9048 17.1145 14.4828 14.8250
Sortino 0.0497 0.0863 0.0934 0.0832 0.1043 0.0875 0.1181
Bernardo & Ledoit 1.1327 1.3689 1.3301 1.3559 1.3725 1.3562 1.5147
Mod. Burke 9.6802 18.1863 18.7665 16.8479 20.7461 18.0792 24.6051
Calmar 0.1763 0.5107 0.3881 0.3096 0.5068 0.4299 0.8225
3–5 Years
Table C.10: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Japan. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0059 0.0047 0.0104 0.0092 0.0111 0.0049 0.0105
Ann. Std Dev 0.0101 0.0059 0.0106 0.0092 0.0100 0.0062 0.0088
Ann. Sharpe 0.5869 0.8061 0.9832 1.0005 1.1126 0.7945 1.1960
Max. Drawdown 0.0276 0.0099 0.0322 0.0186 0.0243 0.0147 0.0166
Avg. Drawdown 0.0015 0.0013 0.0019 0.0019 0.0018 0.0012 0.0017
Avg. Length 26.5519 31.0154 33.5244 38.5200 31.6747 38.6357 34.1279
Avg. Recovery 16.9235 15.7692 16.7156 22.0450 19.0964 24.2636 17.6393
Sortino 0.0528 0.0767 0.0948 0.1025 0.1107 0.0759 0.1245
Bernardo & Ledoit 1.1503 1.3481 1.3779 1.4601 1.4304 1.3352 1.5918
Mod. Burke 10.1377 16.0612 18.9972 20.3622 21.8399 15.2338 25.3210
Calmar 0.2149 0.4785 0.3219 0.4956 0.4571 0.3362 0.6363
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Region: Australia
7–10 Years
Table C.11: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Australia. The tested time period spans 1993-08-13 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0455 0.0226 0.0146 0.0311 0.0304 0.0159 0.0158
Ann. Std Dev 0.0542 0.0349 0.0303 0.0411 0.0364 0.0317 0.0282
Ann. Sharpe 0.8403 0.6467 0.4818 0.7563 0.8335 0.4998 0.5597
Max. Drawdown 0.1054 0.0775 0.1054 0.1311 0.0595 0.0720 0.0720
Avg. Drawdown 0.0102 0.0108 0.0103 0.0094 0.0097 0.0116 0.0097
Avg. Length 26.5721 59.5312 47.5000 39.4456 48.9172 82.5278 75.3299
Avg. Recovery 13.5631 34.5833 31.9773 23.0259 26.7515 26.5833 24.4845
Sortino 0.0789 0.0619 0.0458 0.0723 0.0804 0.0474 0.0540
Bernardo & Ledoit 1.1846 1.2391 1.2086 1.2680 1.3071 1.2171 1.2758
Mod. Burke 15.4982 12.4879 8.9701 14.6142 16.9841 9.4295 10.8185
Calmar 0.4317 0.2914 0.1386 0.2371 0.5098 0.2202 0.2193
3–5 Years
Table C.12: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Australia. The tested time period spans 1993-08-13 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0397 0.0184 0.0104 0.0249 0.0243 0.0123 0.0115
Ann. Std Dev 0.0279 0.0181 0.0152 0.0222 0.0198 0.0163 0.0149
Ann. Sharpe 1.4256 1.0117 0.6836 1.1194 1.2262 0.7556 0.7724
Max. Drawdown 0.0539 0.0273 0.0539 0.0593 0.0268 0.0262 0.0338
Avg. Drawdown 0.0041 0.0046 0.0047 0.0044 0.0039 0.0045 0.0041
Avg. Length 18.0769 43.4882 62.2667 30.0615 32.5830 60.7423 59.2051
Avg. Recovery 9.7949 27.1102 16.1905 17.0164 19.3036 22.0928 18.0940
Sortino 0.1375 0.1007 0.0660 0.1110 0.1251 0.0747 0.0779
Bernardo & Ledoit 1.3338 1.4037 1.3134 1.4306 1.5035 1.3496 1.4097
Mod. Burke 27.2063 20.6611 13.1717 22.8139 26.5486 15.1265 15.7329
Calmar 0.7374 0.6732 0.1927 0.4192 0.9070 0.4707 0.3407
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Region: Canada
7–10 Years
Table C.13: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Canada. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0396 0.0203 0.0270 0.0176 0.0389 0.0280 0.0263
Ann. Std Dev 0.0438 0.0307 0.0346 0.0317 0.0344 0.0319 0.0294
Ann. Sharpe 0.9036 0.6625 0.7815 0.5557 1.1304 0.8757 0.8964
Max. Drawdown 0.0721 0.0542 0.0685 0.1217 0.0660 0.0592 0.0535
Avg. Drawdown 0.0090 0.0102 0.0091 0.0103 0.0076 0.0078 0.0082
Avg. Length 28.6482 61.9891 48.6250 64.1311 33.4221 40.5809 50.4367
Avg. Recovery 16.2663 33.7065 28.5417 32.6803 18.0574 19.9632 28.3544
Sortino 0.0827 0.0621 0.0726 0.0518 0.1076 0.0820 0.0856
Bernardo & Ledoit 1.1979 1.2193 1.2426 1.2021 1.3382 1.2857 1.3422
Mod. Burke 15.7161 11.9205 13.7500 10.0939 21.3012 15.9611 16.6460
Calmar 0.5498 0.3751 0.3948 0.1448 0.5903 0.4720 0.4920
3–5 Years
Table C.14: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Canada. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0302 0.0160 0.0197 0.0134 0.0291 0.0195 0.0185
Ann. Std Dev 0.0227 0.0162 0.0192 0.0185 0.0198 0.0169 0.0165
Ann. Sharpe 1.3284 0.9854 1.0304 0.7244 1.4745 1.1551 1.1194
Max. Drawdown 0.0321 0.0229 0.0380 0.0831 0.0270 0.0203 0.0330
Avg. Drawdown 0.0040 0.0044 0.0044 0.0047 0.0040 0.0039 0.0043
Avg. Length 22.3589 47.2437 39.7980 51.1689 29.1715 35.7484 40.7797
Avg. Recovery 11.3468 22.2101 22.2857 30.1892 16.2299 19.0000 21.7514
Sortino 0.1246 0.0952 0.0966 0.0676 0.1468 0.1130 0.1109
Bernardo & Ledoit 1.3123 1.3540 1.3411 1.2876 1.4848 1.4060 1.4655
Mod. Burke 24.0873 19.1888 18.6921 13.6739 29.4390 22.6923 22.1154
Calmar 0.9402 0.6975 0.5190 0.1609 1.0799 0.9622 0.5603
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C.2.2 Duration Switching Strategy
While the duration switching strategy shows superior results in terms of Sharpe ratio based
on the Overall factor for Germany, the UK, the USA, Japan, and Canada it fails to do so for
Australia. In line with the main results of the paper and the results presened in Section C.2.1 are
the reported maximum drawdown figures which show a reduction relative to the buy-and-hold
strategy for all countries apart from Canada. Based on the country-specific Overall factor, each
country reports lower annualized volatility which results in the aforementioned higher Sharpe
ratio, overcompensation the reduction in annualied return. Interestingly, Japan’s Overall factor
generates a higher annualized return than the buy-and-hold strategy, resulting in a strong beat
on Sharpe ratio level.
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Region: Germany
Table C.15: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Germany. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0370 0.0326 0.0309 0.0357 0.0413 0.0280 0.0332
Ann. Std Dev 0.0425 0.0305 0.0324 0.0313 0.0323 0.0301 0.0280
Ann. Sharpe 0.8701 1.0684 0.9558 1.1415 1.2780 0.9292 1.1845
Max. Drawdown 0.0802 0.0468 0.0802 0.0622 0.0573 0.0557 0.0590
Avg. Drawdown 0.0079 0.0058 0.0061 0.0051 0.0054 0.0062 0.0051
Avg. Length 26.3862 25.3316 27.9964 22.9911 23.3109 32.3922 28.6691
Avg. Recovery 15.7884 13.3575 15.4493 14.1627 13.6041 17.2092 13.1434
Sortino 0.0801 0.1016 0.0877 0.1061 0.1190 0.0874 0.1124
Bernardo & Ledoit 1.1938 1.2926 1.2455 1.3085 1.3241 1.2815 1.3782
Mod. Burke 15.2507 19.9118 17.0093 20.7253 23.5797 17.2508 22.3661
Calmar 0.4609 0.6967 0.3857 0.5739 0.7207 0.5019 0.5631
Region: UK
Table C.16: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region UK. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0391 0.0332 0.0435 0.0391 0.0350 0.0328 0.0350
Ann. Std Dev 0.0464 0.0324 0.0381 0.0355 0.0356 0.0357 0.0314
Ann. Sharpe 0.8429 1.0262 1.1433 1.1016 0.9845 0.9181 1.1157
Max. Drawdown 0.0773 0.0622 0.0773 0.1168 0.0744 0.0903 0.0748
Avg. Drawdown 0.0095 0.0064 0.0057 0.0060 0.0081 0.0083 0.0067
Avg. Length 29.8580 29.6786 21.3025 23.1681 36.1333 34.7214 30.7126
Avg. Recovery 17.5089 15.0774 11.8375 13.8997 18.6400 19.4429 18.3320
Sortino 0.0793 0.0969 0.1069 0.1026 0.0920 0.0877 0.1076
Bernardo & Ledoit 1.1855 1.2737 1.2863 1.2999 1.2559 1.2760 1.3691
Mod. Burke 15.1674 19.0331 20.8221 20.2151 18.2319 17.4521 21.8660
Calmar 0.5058 0.5337 0.5632 0.3352 0.4706 0.3630 0.4675
122 Appendix: Chapter 3
Region: USA
Table C.17: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region USA. The tested time period spans 1994-06-02 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0367 0.0313 0.0397 0.0351 0.0382 0.0349 0.0333
Ann. Std Dev 0.0539 0.0403 0.0448 0.0406 0.0419 0.0409 0.0361
Ann. Sharpe 0.6815 0.7767 0.8875 0.8651 0.9131 0.8543 0.9212
Max. Drawdown 0.1056 0.0908 0.0900 0.0813 0.0938 0.0926 0.0928
Avg. Drawdown 0.0131 0.0105 0.0078 0.0089 0.0101 0.0108 0.0095
Avg. Length 43.8366 47.4500 28.2790 35.3568 41.7360 53.5120 46.2699
Avg. Recovery 24.4706 27.4500 17.6413 21.0000 22.2487 32.7280 23.8160
Sortino 0.0631 0.0721 0.0814 0.0813 0.0851 0.0793 0.0864
Bernardo & Ledoit 1.1505 1.2028 1.2166 1.2344 1.2330 1.2489 1.3027
Mod. Burke 11.8750 13.7111 15.6847 15.8623 17.0466 15.4317 16.8553
Calmar 0.3477 0.3442 0.4414 0.4315 0.4075 0.3772 0.3588
Region: Japan
Table C.18: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Japan. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0155 0.0135 0.0239 0.0209 0.0256 0.0150 0.0225
Ann. Std Dev 0.0278 0.0168 0.0242 0.0229 0.0242 0.0176 0.0206
Ann. Sharpe 0.5573 0.8075 0.9866 0.9163 1.0589 0.8492 1.0925
Max. Drawdown 0.0877 0.0325 0.0570 0.0656 0.0583 0.0361 0.0324
Avg. Drawdown 0.0044 0.0031 0.0039 0.0041 0.0044 0.0033 0.0040
Avg. Length 29.7904 25.9553 24.3668 31.8153 28.0599 31.1935 30.3571
Avg. Recovery 20.1497 13.1732 16.5486 21.9799 16.8521 18.0065 17.1032
Sortino 0.0497 0.0757 0.0918 0.0849 0.0984 0.0779 0.1039
Bernardo & Ledoit 1.1327 1.2545 1.2677 1.2728 1.2959 1.2689 1.3846
Mod. Burke 9.6802 15.6031 18.2687 17.0281 19.5307 15.8713 21.4075
Calmar 0.1763 0.4162 0.4195 0.3194 0.4397 0.4148 0.6952
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Region: Australia
Table C.19: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Australia. The tested time period spans 1993-08-13 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0455 0.0347 0.0414 0.0435 0.0382 0.0271 0.0226
Ann. Std Dev 0.0542 0.0387 0.0392 0.0449 0.0402 0.0350 0.0330
Ann. Sharpe 0.8403 0.8967 1.0574 0.9684 0.9498 0.7739 0.6859
Max. Drawdown 0.1054 0.0806 0.1054 0.1415 0.0857 0.0611 0.0758
Avg. Drawdown 0.0102 0.0078 0.0057 0.0077 0.0090 0.0078 0.0082
Avg. Length 26.5721 29.5795 20.6856 23.3205 35.7074 36.1635 44.3034
Avg. Recovery 13.5631 16.8205 10.7317 13.0504 22.0480 20.2642 25.9213
Sortino 0.0789 0.0849 0.0989 0.0914 0.0898 0.0725 0.0648
Bernardo & Ledoit 1.1846 1.2451 1.2715 1.2582 1.2750 1.2423 1.2357
Mod. Burke 15.4982 16.9981 19.9751 18.5493 19.0108 14.5916 13.1484
Calmar 0.4317 0.4310 0.3927 0.3075 0.4455 0.4439 0.2981
Region: Canada
Table C.20: This table shows the annualized return, standard deviation, and Sharpe ratio as they are
the most important performance metrics. They are followed by maximum drawdown information as well
as additional performance measures, which are documented in the performance evaluation part of this
paper. The table reports the tests for the region Canada. The tested time period spans 1993-08-06 until
2017-05-10. BH = Buy and hold, CYC = cycle, CRY = carry, EQY = equities, MOM = momentum,
COL = collection, OVL = overall.
BH CYC CRY EQY MOM COL OVL
Ann. Return 0.0396 0.0310 0.0395 0.0304 0.0415 0.0316 0.0315
Ann. Std Dev 0.0438 0.0339 0.0386 0.0356 0.0373 0.0333 0.0321
Ann. Sharpe 0.9036 0.9145 1.0231 0.8544 1.1104 0.9495 0.9809
Max. Drawdown 0.0721 0.0506 0.1162 0.1216 0.0995 0.0535 0.0796
Avg. Drawdown 0.0090 0.0077 0.0076 0.0079 0.0081 0.0072 0.0075
Avg. Length 28.6482 33.2047 28.0143 36.1532 30.1231 33.9207 37.0191
Avg. Recovery 16.2663 16.3216 16.5286 19.6712 16.0970 17.2927 21.9139
Sortino 0.0827 0.0847 0.0946 0.0788 0.1041 0.0883 0.0924
Bernardo & Ledoit 1.1979 1.2289 1.2552 1.2273 1.2840 1.2695 1.3113
Mod. Burke 15.7161 16.1700 18.2035 15.3862 20.6889 17.2267 18.2220
Calmar 0.5498 0.6134 0.3402 0.2502 0.4166 0.5907 0.3963
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C.2.3 Drawdown Behavior
This part of the appendix reports the worst drawdowns experienced. For every country, we first
report the drawdowns detected in the principal return data, and afterwards in the total return
data—both for the passive buy-and-hold investor. Afterwards, we compare the drawdowns
experienced by holding the long-term bonds with the drawdowns experienced by following the
active factor signals. Summarizing the results for the country-specific Overall factors, we state
that following the bond market factor results in significantly lower drawdowns. Apart from the
US-case—where the reduction in maximum drawdown is slightly less convincing—the reduction
in maximum drawdown is for every country around 50% relative to the buy-and-hold strategy.
Region: Germany
Principal return
Table C.21: This table shows the largest drawdowns detected in the long-term principal return data
for the region Germany. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1999-02-28 2000-02-28 2003-06-18 -0.9789 1572 366 1206
2 1994-01-31 1994-11-29 1996-12-10 -0.9736 1045 303 742
3 2005-07-31 2008-07-30 2009-01-10 -0.9599 1260 1096 164
4 2010-09-30 2011-04-29 2011-09-29 -0.9352 365 212 153
5 2013-05-31 2014-01-30 2014-07-09 -0.7849 405 245 160
6 2003-06-30 2003-12-30 2004-12-17 -0.7619 537 184 353
7 2015-04-30 2015-07-30 2016-03-09 -0.7209 315 92 223
8 2016-03-31 2017-02-27 -0.7125 407 334
9 2009-04-30 2009-06-29 2010-05-08 -0.6964 374 61 313
10 2012-06-30 2013-02-27 2013-04-24 -0.6028 299 243 56
11 2011-10-31 2011-12-30 2012-01-23 -0.5222 85 61 24
12 1997-03-31 1997-04-29 1997-08-20 -0.4596 143 30 113
13 2009-01-31 2009-02-27 2009-04-12 -0.4259 72 28 44
14 1998-10-31 1998-11-29 1999-01-01 -0.3250 63 30 33
15 2005-02-28 2005-03-30 2005-05-13 -0.3011 75 31 44
16 1996-12-31 1997-01-30 1997-03-04 -0.2494 64 31 33
17 1997-08-31 1997-09-29 1997-10-30 -0.2388 61 30 31
18 2010-07-31 2010-08-30 2010-09-06 -0.2346 38 31 7
19 1998-04-30 1998-05-30 1998-06-22 -0.1706 54 31 23
20 1997-10-31 1997-11-29 1997-12-27 -0.1355 58 30 28
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Total return
Table C.22: This table shows the largest drawdowns detected in the long-term total return data for the
region Germany. The tested time period spans from 1993-08-06 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1999-04-30 1999-10-25 2000-12-04 -0.0863 585 179 406
2 2010-09-01 2011-04-11 2011-08-01 -0.0802 335 223 112
3 1994-01-13 1994-09-16 1995-04-04 -0.0765 447 247 200
4 2008-03-18 2008-06-19 2008-09-29 -0.0615 196 94 102
5 2015-04-21 2015-06-10 2016-01-29 -0.0610 284 51 233
6 2013-05-03 2013-09-05 2014-04-15 -0.0557 348 126 222
7 2005-09-22 2006-05-12 2007-11-08 -0.0530 778 233 545
8 2003-06-16 2003-09-03 2004-03-05 -0.0503 264 80 184
9 2001-11-08 2002-03-25 2002-07-24 -0.0494 259 138 121
10 2009-03-09 2009-06-05 2009-10-01 -0.0462 207 89 118
11 2016-09-29 2017-03-10 -0.0409 225 163
12 1996-01-25 1996-03-12 1996-08-02 -0.0400 191 48 143
13 2011-11-10 2011-11-29 2012-01-11 -0.0383 63 20 43
14 2011-09-23 2011-10-14 2011-11-09 -0.0359 48 22 26
15 2012-07-23 2012-09-14 2013-03-18 -0.0352 239 54 185
16 1999-01-27 1999-03-04 1999-04-12 -0.0325 76 37 39
17 1998-10-06 1998-10-12 1998-12-01 -0.0314 57 7 50
18 2003-03-11 2003-03-21 2003-05-13 -0.0312 64 11 53
19 2012-06-06 2012-06-20 2012-07-18 -0.0305 43 15 28
20 2001-03-23 2001-05-25 2001-07-31 -0.0302 131 64 67
Table C.23: This table shows the largest drawdowns detected in the active factor strategy overall using
total return data for the region Germany. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2013-05-03 2013-10-04 2014-04-15 -0.0468 348 155 193
2 2010-06-09 2011-03-03 2011-06-23 -0.0464 380 268 112
3 2008-02-12 2008-07-23 2008-09-05 -0.0333 207 163 44
4 1998-10-06 1998-10-12 2000-04-05 -0.0314 548 7 541
5 2012-06-06 2012-06-20 2013-04-29 -0.0305 328 15 313
6 2009-01-16 2009-02-19 2009-03-20 -0.0280 64 35 29
7 2003-03-11 2003-03-19 2003-05-21 -0.0277 72 9 63
8 1995-06-07 1995-06-30 1995-09-05 -0.0260 91 24 67
9 2008-10-07 2008-10-14 2008-10-24 -0.0252 18 8 10
10 2016-03-02 2017-04-25 -0.0236 436 420
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Table C.24: This table shows the largest drawdowns detected in the active factor strategy cycle using
total return data for the region Germany. The tested time period spans from 2002-08-08 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2009-01-16 2009-06-05 2011-07-11 -0.0551 907 141 766
2 2012-07-23 2013-10-16 2014-05-15 -0.0364 662 451 211
3 2012-06-06 2012-06-20 2012-07-18 -0.0305 43 15 28
4 2008-10-07 2008-10-14 2008-10-24 -0.0252 18 8 10
5 2008-05-12 2008-07-02 2008-08-04 -0.0244 85 52 33
6 2004-03-26 2004-09-03 2004-10-14 -0.0220 203 162 41
7 2003-08-11 2003-09-03 2003-09-23 -0.0219 44 24 20
8 2008-12-04 2008-12-12 2008-12-17 -0.0207 14 9 5
9 2011-09-23 2012-05-22 2012-06-01 -0.0197 253 243 10
10 2006-09-27 2006-11-06 2007-02-28 -0.0194 155 41 114
Table C.25: This table shows the largest drawdowns detected in the active factor strategy carry using
total return data for the region Germany. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2010-09-01 2011-04-11 2012-10-19 -0.0802 780 223 557
2 1994-01-13 1994-09-16 1995-04-04 -0.0765 447 247 200
3 1999-04-30 1999-09-15 2001-11-01 -0.0582 917 139 778
4 2001-11-08 2002-07-05 2002-09-02 -0.0522 299 240 59
5 2003-06-16 2003-09-03 2004-03-05 -0.0503 264 80 184
6 2013-04-30 2013-09-05 2014-02-27 -0.0484 304 129 175
7 2009-03-09 2009-06-05 2009-10-01 -0.0462 207 89 118
8 1996-01-25 1996-03-12 1996-08-02 -0.0400 191 48 143
9 2003-03-11 2003-03-21 2003-05-13 -0.0312 64 11 53
10 2004-03-26 2004-05-13 2004-08-06 -0.0299 134 49 85
Table C.26: This table shows the largest drawdowns detected in the active factor strategy equities using
total return data for the region Germany. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2003-03-11 2004-05-13 2008-01-23 -0.0610 1780 430 1350
2 1994-02-17 1994-06-20 1995-01-27 -0.0558 345 124 221
3 2008-03-18 2008-06-19 2008-08-15 -0.0441 151 94 57
4 1998-10-06 1999-10-25 2000-06-02 -0.0418 606 385 221
5 2011-09-23 2011-11-29 2012-04-05 -0.0365 196 68 128
6 2010-06-09 2010-12-16 2011-06-10 -0.0349 367 191 176
7 2015-06-02 2015-06-10 2015-08-12 -0.0345 72 9 63
8 2013-05-03 2013-12-27 2014-07-21 -0.0313 445 239 206
9 2012-06-06 2012-06-20 2013-02-26 -0.0305 266 15 251
10 2009-03-09 2009-10-29 2010-05-06 -0.0304 424 235 189
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Table C.27: This table shows the largest drawdowns detected in the active factor strategy momentum
using total return data for the region Germany. The tested time period spans from 1993-08-05 until
2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2011-09-23 2012-02-20 2014-05-15 -0.0630 966 151 815
2 2016-07-11 2017-04-25 -0.0360 305 289
3 2009-01-16 2009-03-18 2009-07-31 -0.0353 197 62 135
4 1994-07-20 1994-12-13 1995-03-16 -0.0345 240 147 93
5 2008-03-18 2008-07-23 2008-09-05 -0.0340 172 128 44
6 2010-09-01 2010-10-20 2011-06-13 -0.0327 286 50 236
7 2003-06-16 2004-01-02 2004-03-05 -0.0313 264 201 63
8 2015-04-21 2015-07-10 2015-10-27 -0.0292 190 81 109
9 2002-10-01 2002-11-25 2003-01-20 -0.0282 112 56 56
10 2003-03-11 2003-03-19 2003-05-19 -0.0277 70 9 61
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Region: UK
Principal return
Table C.28: This table shows the largest drawdowns detected in the long-term principal return data
for the region UK. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1999-02-28 2007-07-30 2010-09-17 -0.9958 4220 3075 1145
2 1994-01-31 1994-10-30 1998-09-15 -0.9942 1689 273 1416
3 2012-08-31 2014-01-30 2015-02-21 -0.9636 905 518 387
4 2010-09-30 2011-02-27 2011-08-27 -0.8431 332 151 181
5 2016-09-30 2017-02-27 -0.8328 224 151
6 2015-02-28 2015-07-30 2016-07-30 -0.8195 519 153 366
7 2012-06-30 2012-07-30 2012-08-24 -0.3646 56 31 25
8 2012-02-29 2012-04-29 2012-06-06 -0.2965 99 61 38
9 1998-10-31 1998-11-29 1998-12-12 -0.2119 43 30 13
10 1993-09-30 1993-10-30 1993-12-03 -0.1824 65 31 34
11 2011-10-31 2011-11-29 2011-12-14 -0.0992 45 30 15
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Total return
Table C.29: This table shows the largest drawdowns detected in the long-term total return data for the
region UK. The tested time period spans from 1993-08-06 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-01-04 1994-06-01 1995-05-24 -0.1322 506 149 357
2 1999-01-25 1999-10-14 2000-07-21 -0.0849 544 263 281
3 2013-05-03 2013-09-10 2014-10-08 -0.0773 524 131 393
4 2010-10-13 2011-02-09 2011-06-10 -0.0631 241 120 121
5 2003-06-16 2003-11-03 2004-10-08 -0.0626 481 141 340
6 2008-03-25 2008-06-13 2008-08-29 -0.0622 158 81 77
7 2016-08-15 2016-11-18 -0.0598 270 96
8 2009-03-13 2009-06-11 2010-05-19 -0.0584 433 91 342
9 2015-02-02 2015-06-26 2016-01-20 -0.0553 353 145 208
10 2001-11-13 2002-03-25 2002-07-22 -0.0457 252 133 119
11 2006-12-05 2007-06-22 2007-09-07 -0.0454 277 200 77
12 2009-01-02 2009-02-04 2009-03-05 -0.0436 63 34 29
13 1996-01-19 1996-03-12 1996-07-04 -0.0427 168 54 114
14 1995-06-07 1995-06-29 1995-09-01 -0.0415 87 23 64
15 2006-01-19 2006-05-12 2006-12-04 -0.0398 320 114 206
16 1998-10-06 1998-10-12 1998-11-30 -0.0380 56 7 49
17 2012-08-03 2013-02-13 2013-03-27 -0.0353 237 195 42
18 2001-03-23 2001-07-03 2001-08-13 -0.0348 144 103 41
19 2003-03-11 2003-03-21 2003-05-19 -0.0342 70 11 59
20 2008-10-07 2008-10-14 2008-11-07 -0.0331 32 8 24
Table C.30: This table shows the largest drawdowns detected in the active factor strategy overall using
total return data for the region UK. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2009-03-23 2010-02-19 2010-06-30 -0.0759 465 334 131
2 2013-05-03 2013-12-05 2014-10-07 -0.0598 523 217 306
3 2009-01-02 2009-02-04 2009-03-06 -0.0436 64 34 30
4 2003-03-11 2003-03-21 2005-05-03 -0.0342 785 11 774
5 2008-10-07 2008-10-14 2008-11-07 -0.0331 32 8 24
6 2010-09-01 2010-10-27 2011-03-16 -0.0305 197 57 140
7 2016-02-12 2017-04-26 -0.0292 455 440
8 2011-10-05 2011-10-12 2012-04-10 -0.0290 189 8 181
9 1994-03-24 1994-03-29 1995-09-12 -0.0276 538 6 532
10 1996-01-05 1996-03-12 1996-06-21 -0.0248 169 68 101
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Table C.31: This table shows the largest drawdowns detected in the active factor strategy cycle using
total return data for the region UK. The tested time period spans from 2002-08-01 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2008-03-25 2008-06-13 2008-11-20 -0.0622 241 81 160
2 2012-08-03 2013-12-27 2015-05-08 -0.0482 1009 512 497
3 2006-01-19 2006-06-23 2007-09-14 -0.0447 604 156 448
4 2003-03-11 2003-07-03 2005-04-27 -0.0430 779 115 664
5 2011-08-19 2012-03-16 2012-07-18 -0.0423 335 211 124
6 2009-03-23 2010-02-19 2011-03-10 -0.0368 718 334 384
7 2015-06-02 2015-06-26 2015-07-31 -0.0266 60 25 35
8 2015-10-05 2015-11-09 2016-05-06 -0.0266 215 36 179
9 2005-07-01 2005-10-17 2005-12-20 -0.0237 173 109 64
10 2007-12-06 2007-12-12 2008-01-02 -0.0205 28 7 21
Table C.32: This table shows the largest drawdowns detected in the active factor strategy carry using
total return data for the region UK. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2013-05-03 2013-09-10 2014-10-08 -0.0773 524 131 393
2 2010-10-13 2011-02-09 2011-06-10 -0.0631 241 120 121
3 2003-06-16 2003-11-03 2008-11-20 -0.0626 1985 141 1844
4 2009-03-13 2009-06-11 2010-05-19 -0.0584 433 91 342
5 2015-02-02 2015-06-26 2016-01-20 -0.0553 353 145 208
6 2009-01-02 2009-02-04 2009-03-05 -0.0436 63 34 29
7 1996-01-19 1996-03-12 1996-07-04 -0.0427 168 54 114
8 2012-08-03 2013-02-13 2013-03-27 -0.0353 237 195 42
9 2003-03-11 2003-03-21 2003-05-19 -0.0342 70 11 59
10 2001-11-13 2002-05-17 2002-07-11 -0.0323 241 186 55
Table C.33: This table shows the largest drawdowns detected in the active factor strategy equities using
total return data for the region UK. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-02-18 1994-06-01 1995-09-01 -0.1168 561 104 457
2 1998-10-06 1999-10-14 2000-05-26 -0.0505 599 374 225
3 2013-04-08 2013-12-27 2014-10-13 -0.0501 554 264 290
4 2003-03-11 2004-06-09 2005-11-16 -0.0457 982 457 525
5 2007-12-06 2008-06-13 2008-08-05 -0.0423 244 191 53
6 2009-03-13 2010-02-19 2010-05-20 -0.0369 434 344 90
7 2016-06-18 2016-11-18 -0.0364 328 154
8 2008-10-07 2008-10-14 2008-11-07 -0.0331 32 8 24
9 2001-03-23 2001-07-03 2001-08-10 -0.0324 141 103 38
10 2011-10-05 2011-10-12 2012-03-28 -0.0290 176 8 168
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Table C.34: This table shows the largest drawdowns detected in the active factor strategy momentum
using total return data for the region UK. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-01-04 1994-10-26 1995-05-10 -0.0531 492 296 196
2 2009-03-13 2010-04-07 2010-05-20 -0.0426 434 391 43
3 1995-06-07 1995-07-28 1995-11-27 -0.0425 174 52 122
4 2012-08-03 2013-03-08 2014-04-10 -0.0413 616 218 398
5 2009-01-02 2009-02-26 2009-03-06 -0.0397 64 56 8
6 2011-10-05 2012-03-14 2012-05-30 -0.0386 239 162 77
7 1998-10-06 1998-10-12 1998-12-02 -0.0380 58 7 51
8 2007-12-06 2008-07-21 2008-10-06 -0.0369 306 229 77
9 2008-10-07 2008-10-14 2008-11-19 -0.0331 44 8 36
10 2003-03-11 2003-05-02 2003-06-10 -0.0303 92 53 39
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Region: USA
Principal return
Table C.35: This table shows the largest drawdowns detected in the long-term principal return data
for the region USA. The tested time period spans from 1994-06-01 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1998-10-31 2000-02-28 2002-09-18 -0.9894 1419 486 933
2 2003-06-30 2006-07-30 2008-12-26 -0.9863 2007 1127 880
3 2009-01-31 2010-01-30 2010-09-24 -0.9554 602 365 237
4 2012-08-31 2014-01-30 2016-07-17 -0.9529 1417 518 899
5 1996-02-29 1997-04-29 1998-09-15 -0.9342 930 426 504
6 2016-08-31 2017-02-27 -0.9002 254 181
7 2010-09-30 2011-04-29 2011-09-06 -0.8683 342 212 130
8 1994-06-01 1994-12-30 1995-06-02 -0.8048 367 213 154
9 2002-10-31 2002-12-30 2003-06-14 -0.7097 227 61 166
10 2012-02-29 2012-04-29 2012-06-08 -0.6013 101 61 40
11 2011-10-31 2011-11-29 2012-01-17 -0.3888 79 30 49
12 1995-07-31 1995-08-30 1995-11-01 -0.3384 94 31 63
13 2012-06-30 2012-07-30 2012-08-17 -0.1744 49 31 18
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Table C.36: This table shows the largest drawdowns detected in the long-term total return data for the
region USA. The tested time period spans from 1994-06-02 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2008-12-19 2009-06-10 2010-06-28 -0.1056 557 174 383
2 1998-10-06 2000-01-21 2000-10-11 -0.0913 737 473 264
3 2013-05-03 2013-09-05 2014-10-15 -0.0900 531 126 405
4 2003-06-16 2003-09-02 2004-10-25 -0.0865 498 79 419
5 2016-07-11 2016-12-16 -0.0834 305 159
6 2010-10-12 2011-02-08 2011-07-29 -0.0807 291 120 171
7 1996-02-14 1996-05-03 1996-11-05 -0.0692 266 80 186
8 2008-03-18 2008-06-13 2008-09-15 -0.0623 182 88 94
9 2001-11-08 2002-03-14 2002-06-19 -0.0591 224 127 97
10 2015-02-03 2015-06-10 2016-01-29 -0.0529 361 128 233
11 2005-06-28 2006-05-12 2006-09-21 -0.0480 451 319 132
12 2008-09-18 2008-10-15 2008-11-19 -0.0472 63 28 35
13 2011-09-23 2011-10-27 2011-12-19 -0.0461 88 35 53
14 2002-10-10 2002-10-22 2003-02-13 -0.0397 127 13 114
15 2012-02-01 2012-03-19 2012-05-04 -0.0386 94 48 46
16 2007-03-14 2007-06-12 2007-08-01 -0.0386 141 91 50
17 2005-02-10 2005-03-28 2005-05-13 -0.0380 93 47 46
18 1994-06-07 1994-11-07 1995-01-31 -0.0376 239 154 85
19 1996-12-04 1997-04-11 1997-06-06 -0.0356 185 129 56
20 2003-03-11 2003-03-21 2003-05-08 -0.0345 59 11 48
Table C.37: This table shows the largest drawdowns detected in the active factor strategy overall using
total return data for the region USA. The tested time period spans from 1994-06-01 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2008-12-19 2010-04-23 2010-07-20 -0.0721 579 491 88
2 2013-06-17 2013-12-06 2014-10-14 -0.0632 485 173 312
3 2011-09-23 2011-12-21 2013-06-13 -0.0488 630 90 540
4 2008-09-18 2008-10-15 2008-11-19 -0.0472 63 28 35
5 1998-10-06 1999-08-19 2000-10-12 -0.0423 738 318 420
6 2003-06-16 2004-07-27 2004-09-20 -0.0419 463 408 55
7 2002-10-10 2002-10-22 2003-02-25 -0.0397 139 13 126
8 2003-03-11 2003-03-21 2003-05-14 -0.0345 65 11 54
9 2015-04-06 2015-06-10 2015-07-08 -0.0301 94 66 28
10 2016-02-12 2016-05-18 -0.0296 455 97
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Table C.38: This table shows the largest drawdowns detected in the active factor strategy cycle using
total return data for the region USA. The tested time period spans from 1998-01-01 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2003-06-16 2003-09-02 2005-06-01 -0.0865 717 79 638
2 2005-06-28 2007-04-06 2008-11-26 -0.0761 1248 648 600
3 2008-12-19 2010-07-13 2011-06-24 -0.0638 918 572 346
4 1998-10-06 2000-01-21 2000-08-10 -0.0607 675 473 202
5 2001-11-08 2001-12-17 2002-09-19 -0.0585 316 40 276
6 2011-09-23 2011-10-27 2015-05-08 -0.0461 1324 35 1289
7 2002-10-10 2002-10-22 2003-03-31 -0.0397 173 13 160
8 2015-06-02 2015-11-09 2016-01-29 -0.0371 242 161 81
9 2016-02-12 2016-03-11 2016-07-05 -0.0256 145 29 116
10 2011-06-27 2011-07-01 2011-07-19 -0.0243 23 5 18
Table C.39: This table shows the largest drawdowns detected in the active factor strategy carry using
total return data for the region USA. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2013-05-03 2013-09-05 2014-10-15 -0.0900 531 126 405
2 2003-06-16 2003-09-02 2004-10-25 -0.0865 498 79 419
3 2010-10-12 2011-02-08 2011-07-29 -0.0807 291 120 171
4 2009-04-16 2009-06-10 2010-05-06 -0.0764 386 56 330
5 2008-03-18 2008-06-13 2008-09-15 -0.0623 182 88 94
6 2001-11-08 2002-03-14 2002-06-19 -0.0591 224 127 97
7 2015-02-03 2015-06-10 2016-01-29 -0.0529 361 128 233
8 2008-09-18 2008-10-15 2008-11-19 -0.0472 63 28 35
9 2016-06-29 2016-12-16 -0.0416 317 171
10 2011-10-04 2011-10-27 2011-12-16 -0.0407 74 24 50
Table C.40: This table shows the largest drawdowns detected in the active factor strategy equities using
total return data for the region USA. The tested time period spans from1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-02-16 1994-05-09 1995-02-15 -0.0796 365 83 282
2 2016-02-12 2016-12-27 -0.0734 455 320
3 2002-10-10 2004-05-13 2005-04-28 -0.0700 932 582 350
4 1998-10-06 1999-08-10 2000-08-01 -0.0579 666 309 357
5 2008-01-24 2008-06-13 2008-09-04 -0.0550 225 142 83
6 2013-06-07 2013-12-06 2014-10-10 -0.0488 491 183 308
7 2008-09-18 2008-10-15 2008-11-19 -0.0472 63 28 35
8 2011-09-23 2011-12-09 2012-05-30 -0.0463 251 78 173
9 1996-08-13 1997-04-11 1997-09-16 -0.0349 400 242 158
10 2009-01-22 2009-02-09 2009-03-18 -0.0322 56 19 37
Table C.41: This table shows the largest drawdowns detected in the active factor strategy momentum
using total return data for the region USA. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1998-10-06 1999-11-29 2000-10-20 -0.0877 746 420 326
2 1993-10-18 1994-12-12 1995-04-20 -0.0755 550 421 129
3 2008-12-19 2009-04-06 2010-05-21 -0.0530 519 109 410
4 1996-02-14 1996-07-08 1996-10-31 -0.0511 261 146 115
5 2008-03-18 2008-07-23 2008-09-15 -0.0476 182 128 54
6 2011-09-23 2011-12-09 2012-06-01 -0.0443 253 78 175
7 2012-07-25 2013-11-12 2014-10-15 -0.0412 813 476 337
8 2010-09-01 2010-11-15 2011-06-01 -0.0390 274 76 198
9 2002-10-10 2002-12-16 2003-03-05 -0.0374 147 68 79
10 2004-03-18 2004-04-05 2004-08-13 -0.0348 149 19 130
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Region: Japan
Principal return
Table C.42: This table shows the largest drawdowns detected in the long-term principal return data
for the region Japan. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-01-31 1994-09-29 1995-06-11 -0.9538 497 242 255
2 1998-10-31 1999-01-30 2002-09-23 -0.9468 1424 92 1332
3 2003-06-30 2004-08-30 2010-05-21 -0.9308 2518 428 2090
4 1995-12-31 1996-05-30 1996-10-30 -0.6837 305 152 153
5 2016-07-31 2017-02-27 -0.6201 285 212
6 1995-07-31 1995-09-29 1995-10-27 -0.5979 89 61 28
7 2010-10-31 2011-03-30 2012-01-21 -0.5664 448 151 297
8 2013-04-30 2013-06-29 2014-06-23 -0.5583 420 61 359
9 1997-04-30 1997-06-29 1997-08-15 -0.4751 108 61 47
10 1997-11-30 1998-02-27 1998-05-05 -0.3280 157 90 67
11 1996-12-31 1997-01-30 1997-02-26 -0.3141 58 31 27
12 2015-02-28 2015-07-30 2015-11-29 -0.3074 275 153 122
13 1998-06-30 1998-07-30 1998-09-10 -0.2535 73 31 42
14 1995-10-31 1995-11-29 1995-12-29 -0.2263 60 30 30
15 2012-12-31 2013-01-30 2013-03-13 -0.1868 73 31 42
16 2016-03-31 2016-04-29 2016-07-01 -0.0644 93 30 63
17 1997-02-28 1997-03-30 1997-04-07 -0.0623 39 31 8
18 2012-03-31 2012-04-29 2012-05-06 -0.0546 37 30 7
19 2002-09-30 2002-10-30 2002-11-02 -0.0320 34 31 3
20 2015-11-30 2015-12-30 2016-01-09 -0.0285 41 31 10
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Table C.43: This table shows the largest drawdowns detected in the long-term total return data for the
region Japan. The tested time period spans from 1993-08-06 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1998-10-05 1999-02-05 2001-01-11 -0.1073 830 124 706
2 2003-06-13 2003-09-02 2007-08-17 -0.0877 1527 82 1445
3 1994-01-11 1994-08-30 1995-03-23 -0.0773 437 232 205
4 2008-03-18 2008-06-13 2008-12-02 -0.0527 260 88 172
5 1995-07-10 1995-08-16 1995-09-26 -0.0473 79 38 41
6 2013-04-05 2013-05-29 2014-02-28 -0.0395 330 55 275
7 2010-10-07 2011-02-16 2011-08-03 -0.0374 301 133 168
8 1997-04-08 1997-05-28 1997-07-25 -0.0371 109 51 58
9 1995-12-13 1996-02-28 1996-08-16 -0.0344 248 78 170
10 2016-07-29 2017-02-06 -0.0342 287 193
11 2001-03-22 2001-04-18 2001-06-14 -0.0292 85 28 57
12 2001-06-29 2002-02-07 2002-05-16 -0.0267 322 224 98
13 1996-11-06 1996-11-12 1996-11-28 -0.0229 23 7 16
14 1998-06-03 1998-07-14 1998-08-17 -0.0225 76 42 34
15 2009-01-16 2009-06-11 2009-07-06 -0.0212 172 147 25
16 2015-01-20 2015-06-11 2015-10-22 -0.0209 276 143 133
17 1996-12-06 1997-01-06 1997-01-22 -0.0190 48 32 16
18 1995-10-05 1995-10-25 1995-12-07 -0.0188 64 21 43
19 2002-09-13 2002-09-20 2002-10-15 -0.0183 33 8 25
20 2009-10-07 2009-11-09 2009-11-27 -0.0178 52 34 18
Table C.44: This table shows the largest drawdowns detected in the active factor strategy overall using
total return data for the region Japan. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1997-04-08 1997-07-15 1997-09-22 -0.0277 168 99 69
2 1995-12-13 1996-03-26 1996-08-28 -0.0251 260 105 155
3 1996-11-06 1996-11-12 1996-11-28 -0.0229 23 7 16
4 1997-12-09 1998-08-13 1998-09-10 -0.0228 276 248 28
5 2008-10-09 2008-10-21 2008-11-21 -0.0219 44 13 31
6 1996-12-06 1997-01-06 1997-01-22 -0.0190 48 32 16
7 1995-10-05 1995-10-25 1995-12-07 -0.0188 64 21 43
8 2009-01-26 2009-09-07 2010-04-27 -0.0187 457 225 232
9 2002-09-13 2002-10-07 2002-12-30 -0.0180 109 25 84
10 1995-07-13 1995-08-02 1995-09-20 -0.0171 70 21 49
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Table C.45: This table shows the largest drawdowns detected in the active factor strategy cycle using
total return data for the region Japan. The tested time period spans from 2002-09-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2009-01-16 2009-06-11 2011-02-23 -0.0277 769 147 622
2 2005-02-03 2006-07-06 2006-08-28 -0.0226 572 519 53
3 2016-07-29 2016-08-08 -0.0209 287 11
4 2003-10-10 2003-11-07 2003-12-12 -0.0184 64 29 35
5 2008-01-23 2008-02-21 2008-03-06 -0.0131 44 30 14
6 2004-09-29 2004-10-05 2004-10-21 -0.0128 23 7 16
7 2008-09-01 2008-11-05 2008-11-21 -0.0124 82 66 16
8 2007-12-05 2007-12-11 2008-01-04 -0.0105 31 7 24
9 2011-11-21 2011-11-29 2012-02-14 -0.0104 86 9 77
10 2011-03-16 2011-04-12 2011-04-27 -0.0103 43 28 15
Table C.46: This table shows the largest drawdowns detected in the active factor strategy carry using
total return data for the region Japan. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2005-07-01 2006-05-10 2008-01-07 -0.0570 921 314 607
2 2008-03-18 2008-06-13 2008-12-02 -0.0527 260 88 172
3 1995-07-10 1995-08-16 1995-09-26 -0.0473 79 38 41
4 1997-04-08 1997-05-28 1997-07-25 -0.0371 109 51 58
5 1995-12-13 1996-02-28 1996-08-16 -0.0344 248 78 170
6 2010-10-22 2010-12-16 2012-04-23 -0.0313 550 56 494
7 1996-11-06 1996-11-12 1996-11-28 -0.0229 23 7 16
8 2000-08-07 2000-09-06 2000-11-13 -0.0220 99 31 68
9 1996-12-06 1997-01-06 1997-01-22 -0.0190 48 32 16
10 1995-10-05 1995-10-25 1995-12-07 -0.0188 64 21 43
Table C.47: This table shows the largest drawdowns detected in the active factor strategy equities using
total return data for the region Japan. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1998-10-05 1998-12-30 2001-01-11 -0.0586 830 87 743
2 2004-05-18 2006-10-18 2008-08-04 -0.0366 1540 884 656
3 1994-07-20 1994-10-07 1995-02-14 -0.0289 210 80 130
4 1996-11-06 1996-11-12 1996-11-28 -0.0229 23 7 16
5 2001-06-29 2001-08-07 2002-07-11 -0.0226 378 40 338
6 1998-06-03 1998-07-14 1998-09-10 -0.0225 100 42 58
7 2008-10-09 2008-10-21 2008-11-21 -0.0219 44 13 31
8 1995-07-10 1995-10-25 1996-03-04 -0.0211 239 108 131
9 1998-01-13 1998-04-03 1998-05-15 -0.0195 123 81 42
10 1996-12-06 1997-01-06 1997-01-22 -0.0190 48 32 16
Table C.48: This table shows the largest drawdowns detected in the active factor strategy momentum
using total return data for the region Japan. The tested time period spans from 1993-08-05 until 2017-
05-10.
From Trough To Depth Length To Trough Recovery
1 1994-01-11 1994-10-07 1995-03-16 -0.0486 430 270 160
2 1999-05-17 2000-03-27 2001-02-19 -0.0458 645 316 329
3 1995-07-10 1995-07-18 1996-08-29 -0.0262 417 9 408
4 1996-11-06 1996-11-12 1996-11-28 -0.0229 23 7 16
5 2005-07-01 2006-03-15 2006-09-26 -0.0227 453 258 195
6 1997-04-08 1997-06-25 1997-07-24 -0.0220 108 79 29
7 2013-04-05 2013-04-15 2013-10-03 -0.0198 182 11 171
8 2001-03-22 2002-03-11 2002-07-10 -0.0195 476 355 121
9 1998-06-03 1998-07-01 1998-09-10 -0.0192 100 29 71
10 1997-11-06 1998-01-21 1998-05-08 -0.0190 184 77 107
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Table C.49: This table shows the largest drawdowns detected in the long-term principal return data
for the region Australia. The tested time period spans from 1993-08-12 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-02-28 1994-11-29 1997-08-23 -0.9993 1273 275 998
2 1998-11-30 2008-06-29 2009-01-15 -0.9909 3700 3500 200
3 2009-01-31 2010-04-29 2011-12-20 -0.9746 1054 454 600
4 2012-06-30 2014-01-30 2015-02-16 -0.9543 962 580 382
5 2016-09-30 2017-01-30 -0.8713 224 123
6 2015-04-30 2015-07-30 2016-07-28 -0.7583 456 92 364
7 1998-06-30 1998-09-29 1998-10-22 -0.6905 115 92 23
8 2012-01-31 2012-04-29 2012-05-25 -0.5032 116 90 26
9 1993-11-30 1993-12-30 1994-02-24 -0.4121 87 31 56
10 1997-11-30 1997-12-30 1998-02-24 -0.3806 87 31 56
11 1993-09-30 1993-10-30 1993-11-20 -0.3351 52 31 21
12 1997-08-31 1997-09-29 1997-10-15 -0.2896 46 30 16
13 1998-04-30 1998-05-30 1998-06-08 -0.2293 40 31 9
14 1998-02-28 1998-03-30 1998-04-12 -0.1506 44 31 13
15 2015-02-28 2015-03-30 2015-04-02 -0.0165 34 31 3
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Table C.50: This table shows the largest drawdowns detected in the long-term total return data for the
region Australia. The tested time period spans from 1993-08-13 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-02-01 1994-11-08 1995-09-06 -0.1661 583 281 302
2 2009-01-16 2009-06-19 2010-07-06 -0.1054 537 155 382
3 1998-12-18 2000-01-19 2000-06-02 -0.0874 533 398 135
4 2001-11-09 2002-04-02 2002-08-06 -0.0736 271 145 126
5 2003-06-17 2003-11-10 2004-08-20 -0.0695 431 147 284
6 2012-07-26 2013-12-06 2014-05-21 -0.0648 665 499 166
7 2016-09-01 2017-03-10 -0.0646 253 191
8 1996-02-14 1996-03-11 1996-07-18 -0.0619 156 27 129
9 2001-03-20 2001-07-04 2001-09-12 -0.0576 177 107 70
10 2015-04-16 2015-06-11 2016-01-20 -0.0513 280 57 223
11 2010-09-01 2010-12-13 2011-05-23 -0.0499 265 104 161
12 2008-03-18 2008-06-16 2008-07-31 -0.0421 136 91 45
13 1997-02-19 1997-04-01 1997-05-23 -0.0409 94 42 52
14 1998-06-02 1998-08-28 1998-09-07 -0.0377 98 88 10
15 2002-09-26 2002-10-22 2002-11-11 -0.0376 47 27 20
16 2011-10-05 2011-10-17 2011-11-16 -0.0365 43 13 30
17 2008-10-09 2008-10-13 2008-10-24 -0.0358 16 5 11
18 2003-03-12 2003-03-20 2003-05-08 -0.0357 58 9 49
19 2012-02-02 2012-03-21 2012-04-10 -0.0342 69 49 20
20 1996-12-04 1997-01-03 1997-02-18 -0.0326 77 31 46
Table C.51: This table shows the largest drawdowns detected in the active factor strategy overall using
total return data for the region Australia. The tested time period spans from 1993-08-12 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2002-11-04 2008-10-13 2008-12-02 -0.0720 2221 2171 50
2 1997-11-20 2001-04-23 2001-11-02 -0.0676 1444 1251 193
3 2012-06-05 2013-06-24 2014-05-29 -0.0621 724 385 339
4 2016-02-12 2017-04-26 -0.0552 455 440
5 2009-01-16 2009-07-20 2010-05-11 -0.0382 481 186 295
6 2015-06-02 2015-06-11 2015-07-08 -0.0276 37 10 27
7 2015-08-25 2015-09-17 2016-02-09 -0.0246 169 24 145
8 2011-10-05 2011-11-17 2011-12-15 -0.0236 72 44 28
9 2012-01-17 2012-05-17 2012-05-31 -0.0223 136 122 14
10 2002-08-07 2002-08-20 2002-09-04 -0.0220 29 14 15
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Table C.52: This table shows the largest drawdowns detected in the active factor strategy cycle using
total return data for the region Australia. The tested time period spans from 2000-02-03 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2012-10-04 2014-02-12 2015-03-19 -0.0775 897 497 400
2 2015-04-16 2015-07-15 -0.0618 757 91
3 2007-09-11 2008-02-19 2008-09-05 -0.0510 361 162 199
4 2001-03-20 2001-04-23 2001-09-12 -0.0443 177 35 142
5 2012-06-05 2012-08-16 2012-10-03 -0.0407 121 73 48
6 2002-11-15 2003-03-20 2003-05-19 -0.0398 186 126 60
7 2008-09-10 2008-10-13 2008-10-24 -0.0368 45 34 11
8 2009-09-29 2010-04-07 2010-06-30 -0.0298 275 191 84
9 2002-01-15 2002-05-15 2002-08-06 -0.0289 204 121 83
10 2005-09-05 2006-10-24 2007-09-06 -0.0285 732 415 317
Table C.53: This table shows the largest drawdowns detected in the active factor strategy carry using
total return data for the region Australia. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2009-01-16 2009-06-19 2010-07-01 -0.1054 532 155 377
2 2013-05-20 2013-12-06 2014-05-15 -0.0565 361 201 160
3 2015-04-16 2015-06-11 2016-02-03 -0.0513 294 57 237
4 2016-11-10 2017-03-10 -0.0445 183 121
5 2008-10-09 2008-10-13 2008-10-24 -0.0358 16 5 11
6 2001-05-11 2001-09-25 2001-11-01 -0.0340 175 138 37
7 2010-12-02 2011-02-09 2011-03-15 -0.0287 104 70 34
8 2001-11-09 2001-12-27 2002-01-14 -0.0283 67 49 18
9 2008-10-27 2008-11-03 2008-11-13 -0.0282 18 8 10
10 2014-09-01 2014-09-19 2014-10-09 -0.0277 39 19 20
Table C.54: This table shows the largest drawdowns detected in the active factor strategy equities using
total return data for the region Australia. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1993-12-01 1994-06-27 1995-09-06 -0.1311 645 209 436
2 2002-09-09 2003-03-20 2005-04-06 -0.0525 941 193 748
3 2013-06-11 2013-06-24 2014-01-30 -0.0520 234 14 220
4 1996-03-05 1996-03-11 1996-07-17 -0.0460 135 7 128
5 1999-01-27 1999-10-27 2000-04-17 -0.0449 447 274 173
6 2001-03-20 2001-04-23 2001-08-28 -0.0443 162 35 127
7 1998-06-02 1998-08-28 1998-09-10 -0.0438 101 88 13
8 2016-11-10 2016-12-02 -0.0436 183 23
9 2007-11-28 2008-02-19 2008-07-07 -0.0400 223 84 139
10 2011-10-05 2012-03-21 2012-05-16 -0.0394 225 169 56
Table C.55: This table shows the largest drawdowns detected in the active factor strategy momentum
using total return data for the region Australia. The tested time period spans from 1993-08-05 until
2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2012-07-26 2014-03-24 2014-10-16 -0.0595 813 607 206
2 2003-06-17 2004-04-06 2006-09-25 -0.0511 1197 295 902
3 1996-02-14 1996-05-17 1996-08-02 -0.0487 171 94 77
4 2002-09-26 2002-11-25 2003-05-23 -0.0484 240 61 179
5 1995-06-06 1995-09-25 1996-02-13 -0.0436 253 112 141
6 2000-04-18 2000-10-31 2000-12-15 -0.0376 242 197 45
7 1998-01-13 1998-09-17 2000-03-22 -0.0364 800 248 552
8 2008-10-09 2008-10-13 2008-10-24 -0.0358 16 5 11
9 2015-08-25 2016-01-12 2016-06-09 -0.0326 290 141 149
10 2007-09-11 2008-07-22 2008-08-12 -0.0292 337 316 21
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Table C.56: This table shows the largest drawdowns detected in the long-term principal return data
for the region Canada. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-02-28 1994-07-30 1996-11-28 -0.9956 1005 153 852
2 1998-10-31 2000-02-28 2003-06-09 -0.9699 1683 486 1197
3 2013-05-31 2014-01-30 2015-01-31 -0.9045 611 245 366
4 2015-02-28 2017-02-27 -0.8981 804 731
5 2009-04-30 2010-05-30 2011-09-01 -0.8747 855 396 459
6 2005-09-30 2006-07-30 2008-03-08 -0.8418 891 304 587
7 1996-12-31 1997-04-29 1997-08-23 -0.7785 236 120 116
8 2004-04-30 2004-07-30 2005-01-25 -0.7043 271 92 179
9 2003-06-30 2003-08-30 2004-03-18 -0.6381 263 62 201
10 1997-11-30 1998-09-29 1998-10-21 -0.6341 326 304 22
11 2012-08-31 2013-02-27 2013-05-28 -0.5547 271 181 90
12 2008-04-30 2008-07-30 2008-12-19 -0.5330 234 92 142
13 2009-01-31 2009-02-27 2009-04-23 -0.5024 83 28 55
14 1993-09-30 1993-10-30 1994-01-07 -0.4441 100 31 69
15 2012-02-29 2012-04-29 2012-06-19 -0.4357 112 61 51
16 1997-08-31 1997-09-29 1997-11-01 -0.3566 63 30 33
17 2011-10-31 2011-11-29 2011-12-31 -0.3443 62 30 32
18 2005-02-28 2005-04-29 2005-05-24 -0.2435 86 61 25
19 2005-07-31 2005-08-30 2005-09-22 -0.2053 54 31 23
20 2012-06-30 2012-07-30 2012-07-31 -0.0020 32 31 1
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Table C.57: This table shows the largest drawdowns detected in the long-term total return data for the
region Canada. The tested time period spans from 1993-08-06 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-01-31 1994-06-21 1995-05-05 -0.1494 460 142 318
2 2013-05-03 2013-09-10 2014-07-16 -0.0721 440 131 309
3 2016-10-01 2016-12-16 -0.0638 223 77
4 2009-03-20 2009-06-10 2010-06-24 -0.0611 462 83 379
5 1999-04-09 2000-01-21 2000-06-02 -0.0610 421 288 133
6 2003-06-16 2003-08-05 2004-01-20 -0.0535 219 51 168
7 2010-10-12 2011-02-16 2011-06-01 -0.0501 233 128 105
8 2004-03-25 2004-06-14 2004-09-16 -0.0476 176 82 94
9 1996-02-14 1996-03-08 1996-08-01 -0.0469 170 24 146
10 2001-11-08 2002-03-25 2002-07-11 -0.0468 246 138 108
11 2015-02-03 2015-06-10 2015-08-19 -0.0457 198 128 70
12 1997-02-18 1997-04-04 1997-06-06 -0.0424 109 46 63
13 2001-03-23 2001-05-17 2001-08-13 -0.0407 144 56 88
14 1995-07-11 1995-08-01 1995-09-05 -0.0402 57 22 35
15 2007-03-08 2007-06-12 2007-09-07 -0.0384 184 97 87
16 1996-12-02 1997-01-10 1997-02-13 -0.0363 74 40 34
17 2015-08-25 2015-11-09 2016-01-12 -0.0353 141 77 64
18 2009-01-16 2009-02-04 2009-03-18 -0.0353 62 20 42
19 1998-10-06 1998-11-06 1998-12-03 -0.0332 59 32 27
20 2016-02-12 2016-04-26 2016-06-10 -0.0322 120 75 45
Table C.58: This table shows the largest drawdowns detected in the active factor strategy overall using
total return data for the region Canada. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2003-06-16 2004-07-15 2007-09-07 -0.0535 1545 396 1149
2 1996-12-02 1997-02-06 1997-06-13 -0.0501 194 67 127
3 1996-02-14 1996-07-05 1996-08-09 -0.0445 178 143 35
4 2011-10-05 2013-02-01 2014-02-03 -0.0373 853 486 367
5 2015-02-03 2015-07-10 2015-08-24 -0.0362 203 158 45
6 2009-01-16 2009-02-04 2009-03-18 -0.0353 62 20 42
7 2015-08-25 2015-09-25 2016-01-12 -0.0313 141 32 109
8 2010-09-01 2011-03-30 2011-05-26 -0.0311 268 211 57
9 2001-03-23 2001-04-30 2001-08-17 -0.0311 148 39 109
10 2008-10-07 2008-10-10 2008-11-20 -0.0306 45 4 41
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Table C.59: This table shows the largest drawdowns detected in the active factor strategy cycle using
total return data for the region Canada. The tested time period spans from 2000-08-03 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 2011-10-05 2013-09-10 2014-11-14 -0.0542 1137 707 430
2 2006-12-04 2007-07-06 2008-08-01 -0.0480 607 215 392
3 2003-06-16 2003-07-29 2004-10-20 -0.0434 493 44 449
4 2010-09-01 2011-03-30 2011-07-29 -0.0390 332 211 121
5 2016-06-29 2017-03-13 -0.0388 317 258
6 2009-01-16 2009-02-04 2009-03-18 -0.0353 62 20 42
7 2008-10-07 2008-11-13 2008-12-01 -0.0346 56 38 18
8 2015-07-28 2015-12-03 2016-01-13 -0.0327 170 129 41
9 2001-12-05 2002-01-25 2002-07-19 -0.0321 227 52 175
10 2001-03-23 2001-04-30 2001-08-17 -0.0311 148 39 109
Table C.60: This table shows the largest drawdowns detected in the active factor strategy carry using
total return data for the region Canada. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-01-31 1996-03-08 1996-08-09 -0.0685 922 768 154
2 2013-05-09 2013-09-10 2014-05-15 -0.0638 372 125 247
3 2009-03-20 2009-06-10 2010-06-24 -0.0611 462 83 379
4 2003-06-16 2003-08-05 2004-01-20 -0.0535 219 51 168
5 2010-10-12 2011-02-16 2011-06-01 -0.0501 233 128 105
6 2004-03-25 2004-06-14 2004-09-16 -0.0476 176 82 94
7 2001-11-08 2002-03-25 2002-07-11 -0.0468 246 138 108
8 1997-02-18 1997-04-04 1997-06-06 -0.0424 109 46 63
9 2001-03-23 2001-05-17 2001-08-13 -0.0407 144 56 88
10 2008-03-18 2008-10-10 2008-11-26 -0.0384 254 207 47
Table C.61: This table shows the largest drawdowns detected in the active factor strategy equities using
total return data for the region Canada. The tested time period spans from 1993-08-05 until 2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1994-02-18 1995-01-20 1995-11-03 -0.1217 624 337 287
2 2013-05-03 2013-07-05 2014-12-12 -0.0607 589 64 525
3 1998-10-06 1999-10-26 2000-11-30 -0.0561 787 386 401
4 2016-02-12 2017-05-10 -0.0540 455 454
5 2008-12-30 2010-02-22 2011-06-01 -0.0481 884 420 464
6 2002-09-06 2004-06-14 2006-03-16 -0.0440 1288 648 640
7 2001-03-23 2001-07-05 2001-08-17 -0.0361 148 105 43
8 2011-10-05 2011-10-27 2012-04-10 -0.0314 189 23 166
9 1998-07-09 1998-08-27 1998-09-10 -0.0312 64 50 14
10 2008-10-07 2008-10-10 2008-11-20 -0.0306 45 4 41
Table C.62: This table shows the largest drawdowns detected in the active factor strategy momentum
using total return data for the region Canada. The tested time period spans from 1993-08-05 until
2017-05-10.
From Trough To Depth Length To Trough Recovery
1 1998-10-06 1999-12-15 2000-08-07 -0.0660 672 436 236
2 2009-03-20 2010-05-11 2010-08-26 -0.0640 525 418 107
3 2003-06-16 2003-09-11 2004-01-09 -0.0387 208 88 120
4 1996-02-14 1996-04-30 1996-08-01 -0.0378 170 77 93
5 2015-02-03 2015-07-10 2015-08-24 -0.0362 203 158 45
6 2012-07-24 2013-03-11 2014-05-14 -0.0361 660 231 429
7 2011-10-05 2012-04-25 2012-07-12 -0.0339 282 204 78
8 1995-07-11 1995-07-19 1995-09-25 -0.0331 77 9 68
9 2008-03-18 2008-07-23 2008-09-05 -0.0302 172 128 44
10 2002-09-24 2002-12-16 2003-05-16 -0.0284 235 84 151
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